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THE IMPACT OF INDIVIDUAL, COMMUNITY, AND PUBLIC POLICY FACTORS ON
OFFENDER RECIDIVISM IN FOUR STATES: BAD PEOPLE,
BAD PLACES, OR BAD POLICY?

BY
Paige M. Harrison

ABSTRACT

Over the past thirty years the U.S. incarceratiom mase at an unprecedented rate,
largely due to high crime rates and subsequent changes@émsimg and release policies that
enhanced punishment. In the last decade as crime rates ragalied, the portion of former
prisoners returning to prison remained high, and the Udhosay tumbled into a recession,
resulting in state governments scrambling to reduce thehitige cost of corrections. "One of
the reasons that recidivism has remained so intr&ctaél/ be that our understanding of re-entry
and recidivism have emphasized the characteristicewdtes and largely overlooked the social
context of the areas to which inmates return and theig®under which they are released to the
community. This research accounts for individual, comtguand public policy factors in
measuring the likelihood of offenders returning to prisonngJthe Bureau of Justice Statistics’
National Corrections Reporting Program (NCRP) datas@&nf Population and Housing data,
and crime data from the Uniform Crime Reports, this sfatlgws two cohorts of inmates
released from four different states to identify facemsociated with returns to prison and finds
that all three domains contribute to the rate of ieisich differently, and that effects vary by

state and over time.
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CHAPTER 1

INTRODUCTION

Nearly all commentaries on the prison population begtih asdescription of the
exponential growth experienced since the 1980s. By this peirtre all familiar with the spike
in crime and subsequent policy changes that fed the lgraMe also know a lot about the
characteristics and behaviors of those incarcerdtedcdmmunities to which they return, the
collateral consequences of the high imprisonment ratethenincreasingly prohibitive costs
associated with prison. We know that despite the Fattdrime peaked by the early-1990s, the
prison population continued to grow and the rate of reisisivemained high; according to large
recidivism studies, former offenders return to prisaritee order of 40% to 50% within three
years of release (Beck and Shipley 1989; Langan and Levin 2008) persons agree that we
cannot continue to accept these high rates of retutrwé disagree on the issue of what to do
instead. While there is no magical program, risk-assegsio@l, or single policy reform that can
be implemented to reduce recidivism for all offendess,can harness what we know to better
understand why people come back and translate this knowlgdgeseful policy changes that,
with time and sustained support, can reduce both recidamgmin turn, the prison population.

Recidivism is a topic often studied and discussed, bulyraxplained in a satisfying
manner. Recidivism rates are used at the micro-levadtess the success of specific programs
and at the macro-level to assess entire correctigatdrss, but these rates are often not
comparable across time and place and often fail to td&eaccount a wealth of variables that we
know are correlated with failure following prison releagany recidivism studies presume that
offender characteristics and behaviors are the driaotpfs in returns to prison — inmates return
because there are flaws in their character or spatain or because they are habitual criminals.

We imagine that if we could just change these offeatteibutes by applying the ideal sanction,
1



or implementing an ideal model of substance abusertess, education/vocational training,
behavior modification, or other intervention, we cowddre the problem of people coming back.

Such individual-based approaches largely ignore the tiad¢ community and public
policy play in recidivism even though these factomsmdarge in the criminological literature.
Ecological studies of crime explore the influence a#’smenvironment as a series of factors that
push an offender toward or pull an offender away fromioaibehavior. Past research indicates
a plethora of community-based correlates associatédcwine — income, employment,
education, population density, mobility, supervision leveatsl strengths of
attachment/investment ties, to name a few (Bursik, 1986, Ba88ik and Grasmick, 1993;
Sampson, 1985; Sampson and Groves, 1989; Shaw and McKay, 1942 stablished in the
literature is that some communities were differehtiaffected by the incarceration build-up and
have suffered numerous unintended consequences such asasanorfemale-headed
households, decreased social capital, and other measgegv@ly impacting community
stability (Rose and Clear, 1998; Sabol and Lynch, 2003; SamBsoenbush, and Earls, 1997;
Western and McLanahan, 2000). An additional body of reedacuses on the effects of policy,
specifically post-custody supervision, on rates of retoiqprison (Austin, 2001; Seiter and
Kadela, 2003; Solomon, 2006). So while there is ample evidaat@tlividual, community,
and public policy factors influence crime and criminaldebr, there is little research that
assesses recidivism while controlling for all of thizssors at once.

Failing to entertain these factors simultaneouslylead to the misspecification of
models of recidivism and yield results that promote @mpound our misunderstanding of the
recidivism process. If we only include individual levariables in our model, we will attribute

success or failure upon release to specific charaatsradtthe inmate when these outcomes are



likely also correlated with supervision policies in a gartar jurisdiction and characteristics of
the community to which they return. If, for examplgumsdiction has a strict supervision regime
characterized by a low revocation threshold, targetsuseoffenders for initial incarceration and
revocation, and is situated in a community with numeraskers of disorganization such as
high crime, unemployment, and residential mobility, il eppear that persons admitted for
serious offenses will come back more often than psraatih less serious offenses. In fact it is
likely the limited opportunities within the community coméd with supervision and revocation
policies affects the recidivism rate and the typeftgnder returned. Unless we include
community and policy variables in our models of recidivisra will not be able to sort out the

effects of these factors on the recidivism process.

Objectives

Obtaining information on the characteristics of reldasenates and the communities to
which they are released as well as variation in ctimeal and supervision policies is not easy.
It requires multi-state policies or studies of the satages over periods in which policies have
changed. Most recidivism studies are conducted in orsgjation at one point in time so they
do not have the variation on correctional policies reargsto assess its effect on recidivism.
Multi-state studies of recidivism face the additiocamplexity of obtaining uniform
measurement of the dependent variable—recidivism. Stétesssubstantially in how they
define and how they record recidivism.

Multi-state recidivism studies conducted by the Bureaiusfice Statistics (BJS) in 1983
(Beck and Shipley, 1989) and 1994 (Langan and Levin, 2002), partiallgssedrthese
concerns. BJS used the same definitions of recidivisosa@articipating states, and included

demographic information, offense type, and different meassoif return (arrest, conviction,



return to prison) in its analysis. The objective ofthstudies, however, was to report the rate of
recidivism across the nation rather than to compatess between states or to assess the impact of
community characteristics on recidivism. Individuaduidcteristics such as age, race, number of
priors, and length of time served were largely used sarde the variation in return, but not as
controls in part of a larger model to explain recidivis
This research builds upon this work by using another BJosgaies, the National
Corrections Reporting Program (NCRP), which is made updafidual-level records from
participating states on all admissions to and releasesgrison in a calendar year. These
records include demographic information, criminal justiceavées, county of conviction,
release type, and the ability to link records betweersyiaahe jurisdictions where a state
inmate identification number is provided. With this uniqueadzgt we will be able to
differentiate the effects of individual and policy farg on the likelihood of return to prison. By
bringing in county level data from additional sourcescae also include the impact of macro
level community factors in the model. The specific qoestiof interest in this study are:
1. Is recidivism the product of persons, places, or policdesome combination
thereof?
2. How does the impact of individual, community, and publicgyotiharacteristics on
recidivism differ when modeled in isolation by block avgen modeled together?
3. Does the strength and significance of the effectadiVidual attributes accounting
for recidivism differ depending upon the policy context wdtion?
4. How do these findings inform the debate over how to retheesize of the prison

population within states and as a nation?



5. Can recidivism be reduced with policy changes as oppode tmore difficult task

of changing individuals?

Applications of Research

This research has several practical applications. Hwesstudy applies a consistent
definition of recidivism to a large number of persogigased from state prisons at different
periods of time, and from jurisdictions with differeetease policies and variation in offender
demographics and community characteristics. Recidivismatisssumed to be a single-faceted
problem with constant predictors across time and place.

Second, multivariate analysis permits the assessmémt ompact of various
characteristics and conditions while holding otherdesctonstant. It is possible that the
characteristics of the individual, often the focugolicy, may not be the primary contributor to
subsequent returns to prison once variations in commurtflingirces and policy effects are held
constant. At the same time, the study offers insighthe degree to which static individual
characteristics such as race and age may contribueitbvism. While such traits may not
altered, they can be taken into account in assessirigehkood of recidivism in conjunction
with the characteristics of the community to whicleasked offenders return and the policy
regime (e.g. type of release, conditions of post-cussag@grvision) under which they are
released.

Third, state and time-specific models enable us to expghereteractions among
individual, policy, and community context variables. Thdtifaceted model allows us to
identify distinctions in correlates associated wittidevism and begin to understand why rates
may vary from place to place. For example, theredcbalseveral explanations for why drug

offenders return at higher rates in one state comgaradother. Offenders could have different



characteristics, be returned to communities with dffietevel of disorganization and
opportunity, be released by mechanisms that acceleratkibit their likelihood of return, or
some combination thereof. Measuring recidivism withoabaating for these population
variations only tells us the rates, not the reasohstléhem. This research is a first step in

identifying the complex variables associated with rettonsison.

Overview of Chapters

This dissertation will identity specific influences oturd and the degree to which they
predict return to prison, allowing us to direct resoumeshanging the variables we can,
assessing appropriate risk for those we can’t, and uklynegducing the likelihood of return and
thereby reducing the prison population over the long teonsidering a wider set of factors as
to why people come back can lead to changes in policy ¢tigr lsupport those released from
prison and decrease their likelihood of return. Chapteoges the background of why and
how the incarceration rate grew exponentially sinedate 1970s, and this tells us what we have
learned about criminal behavior and recidivism. This dision will explore the contribution of
the recidivism to the growth in the prison population gredknown factors that affect individual
recidivism. Chapter 3 defines recidivism as it is usetthigistudy, lists the hypotheses, describes
the data compiled to test these assertions, speciéevdhsures used to represent individual,
community, and public policy factors, and provides an overatilie statistical methods
applied. The study results are presented in Chapterrdngtaith descriptive information of the
release cohorts, followed by summaries of the vanmouilsivariate regressions, results of the
final model(s), and hypothesis outcomes. Finally, Chapsemntmarizes the implications of the

findings for how we think about recidivism and discugbesapplicability of this research in



contributing to future policies designed to reduce the pmpsgulation. Also included are

recommendations for additional research to further ekplaa findings.



CHAPTER 2

BACKGROUND

In the foregoing chapter it was asserted that 1) reduetidivism is an important means
of reducing the prison population and 2) understanding reaudliregjuires going beyond the
characteristics of individuals and considering the &ffe€ community attributes and policy
variables. This chapter provides support for these assedamhidentifies specific attributes of
offenders, communities, and policies that should be indluda comprehensive recidivism
model.

The growth in the prison population, the charactegsticthat population, and the role
that recidivism played in that growth are summarizedi @ffered as evidence that reducing
recidivism can be consequential in bringing the prison ptipaldown. The history of the
growth in the prison population is also useful for idgmd policy variables associated with
recidivism and should be included in subsequent recidivisatets. This chapter also provides
an overview of recidivism and criminal behavior literatto date, and what we know (or suspect
we know) about the contribution of individual charaistés, communities, and public policy.

This review also suggests variables for inclusion in thielikeem model.

The Rise of the Prison Population

Over the past three decades the prison population indrezsssively. At the beginning
of the incarceration growth, increases in crime sutisequent responses to crime drove the
growth by bringing more people in and keeping them longerwiWsee that early growth in the
prison population can be largely attributed to more newt@mmnmitments and increased time
served. Over time, parole violators, both for new offeras®l technical violations, more than

doubled and became a driving force behind prison population grandleyscoring the



importance of understanding and reducing recidivism. Theaserin crime and subsequent

policy reactions are summarized, followed by a discussidhe impact of these policies.

Rise in Crime

The increase in the crime rate between the 1960s thtbadt®90s is well-documented
through the Uniform Crime Reports (UCR), collected arnguat the Federal Bureau of
Investigation (FBI), which provide the number of crimgsomted to police across the nation
(Figure 1). In 1960 there were 1,887 total index crimes per 100e8@fents; by 1980 the rate
More than tripled to reach 5,950 crimes per 100,000 resideBtsCR, 2011).While the total
crime index rate peaked in 1980, violent crime continued &0 there were 597 violent crimes
per 100,000 in 1980, peaking at 758 per 100,000 in 1991. We will seg/shatttiespite the

drop in crime rates the prison population continued dovglargely due to changes in policy.
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1. Part 1index Crimes include eight specific offense definithin the Uniform Crime Reports: murder,
rape, assault, robbery, burglary, arson, larceny, asdrmaehicle theft. The index does not include drug offens

which also substantially increased during this time period.
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Figure 1. Crime rate trends per 100,000 U.S. residents, 196032ia0ht crime rates were multiplied by 5 in order
to better view how violent crime rates trend witlgerty and total crime rates over time. From Unif@rme
Reports query tool (2010), http://mww.ucrdatatool.gov.

Changes in Criminal Justice Policies

As crime rates climbed, research proclaiming the fatdirehabilitation received
widespread attention (Lipton, Martinson, and Wilkes, 19@8lstering support for individual
accountability through increased punishment for convictezhdérs. Throughout the 1980s and
1990s, there was public and political outcry across themédiprotect citizens from violent
predators and repeat offenders. Violent crime receiviestantial media coverage, stoking
public fears (Graber, 1980; Warr, 2000) and spurring politiciaasl¥ocate for enhanced
punishments (Smolowe, 1994; Austin, Clear, Duster, et al., 2003)fication of increased
punishment ranged from retribution (an eye for an eydgterrence (both general and specific
deterrence in discouraging criminal behavior through ise@ganctions) to incapacitation (if
we can't stop criminal behavior, we can at least remttvem from society for longer periods of
time).

The resulting policy shifts increased the likelihood #rabffender would be sentenced
to prison, expanded the length of stay, and altered thesppihy behind post-release
supervision. Mandatory minimums, three-strikes laws,temt-in-sentencing laws garnered
nationwide support through the 1980s and 1990s. Mandatory mininniensgng was one of
the first policy changes to gain popularity beginning with New York Rockefeller Drug Laws
in 1973 and continuing with mandatory minimums for specifimes, such as those involving
guns and crack-cocaine (Comprehensive Crime Control Atd®4; Omnibus Anti-Drug Abuse
Act of 1988). The next widely adopted policy were the wagithree-strikes laws introduced in
the early 1990s with the intent of incapacitating repaad presumably the most dangerous)
offenders. Between 1993 and 1995, 24 states enacted varidttbnsesstrikes laws (Schiraldi,

10



Colburn, and Lotke, 2004)Around the same time, truth-in-sentencing mandateshwequired
that a certain portion of sentences be served andttedtor eliminated the use of good time
credits, came into widespread use through the 1994 CrirhérB1992 there were 4 states using
truth-in-sentencing; by 1998 there were 27 states withethrements (Spelman, 2009). In
combination, these policies resulted in increased ligetihof prison time upon a conviction and
more time served by the average inmate.

Another significant policy change, and a focal pointhig tesearch, is the transition from
release by discretionary parole (parole boards) toselbw statute (supervised mandatory
release). Discretionary parole requires inmates tsbessed by a panel of individuals to
determine suitability of returning to the community. Byrgegal 2000, 29 States had abolished
discretionary parole, opting instead for either supedvisandatory release governed by statute
or, utilized by fewer jurisdictions, expiration of sence (EOS) with no post-custody supervision
(Hughes, Wilson, and Beck, 2001).

The dramatic increase in crime, particularly violentnerj experienced from the 1960s to
the early 1990s, strongly influenced public and political opininow to best deal with
offenders and resulted in the policy shifts discussegaabl hese changes increased the
probability of arrest, conviction, and incarcerationr{@an, 1991; Blumstein and Beck, 1999;
Sabol, Rosich, Kane, et al., 2002) and increased avenagideof stay (Blumstein and Beck,
2005). At the same time, the release decision shifted framwle boards to the establishment of
mandatory release statutes. These factors contrisutesdantially to the exponential growth in

the prison population by bringing more people in, keeping theger, and expanding the use

2. Three-strikes laws ultimately impacted the prison pojpuldar less than expected. Schiraldi et al.
(2004) note that in most states the law is rarely invek#&d states used three strikes to lock up less than 100 people
over the period of a decade. California applies the statudn average of 10% of eligible cases (Kasindorf, 2002).

11



of, level of, and length of post-release supervisionsé&Hactors also created a policy
environment in which recidivism was more likely to occtite pressure to “get tough” was
manifested not only new laws and formal policies adoptedglthis period but also in the
increased punitiveness in the discretionary decisions mmadgents in the criminal justice

system on a daily basis.

Resulting Growth

The change in specific public policies and the general peleyronment regarding
crime and sanctions resulted in unprecedented growtle iprtbon population and impacted the
offense distribution of offenders held. As we will se¢he subsequent section, changes in
release mechanisms (the manner in which prisonerglegsed back into society) impacted both
time served and, in conjunction with post-custody supernvis@icies, changed the makeup of
the incoming populations in terms of admission typeirdutation model is presented to
estimate the potential effects of recidivism growtkhia population. The simulation compares
the actual prison population growth with the growth thatild have occurred had the rate of
parole violators returned to prison been reduced by half darka&y period of growth. Finally,
these changes are tied back to the high recidivismaratavhy reducing recidivism must be a

priority to attain lower incarceration rates in foéure.

Incarceration Rate

Prior to the rise in crime, the U.S. enjoyed a fagtlyady rate of imprisonment — 79
prisoners per 100,000 U.S. residents in 1925 increased mode3slysy 100,000 in 1970
(Blumstein and Cohen, 1973; Bureau of Justice Statist@somal Prisoner Statistics series —
BJS, NPS). Figure 2 illustrates how the prison sysigmew throughout the 1980s and 1990s,

coinciding with the sea changes in sentencing and repedisées already discussed. The rate of

12



imprisonment more than tripled from 138 per 100,000 U.S. residei980, or 1 in every 725
residents, to 504 per 100,000 in 2008, or 1 in every 198 residentsNB3$, Based on the
change in incarceration rates over time, an estonht®% of U.S. adults born in 1974 will spend
time in prison sometime in their life course compared.6% for persons born in 2001
(Bonczar, 20035.The change in the characteristics of the prison ptpalalso further

compounded growth.
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Figure 2. Rate of state and federal prisoners per 100 Cesidents, 1978-2008. From National Prisoner
Statistics series, Bureau of Justice Statistics

Change in Offense Distribution and Criminal History

The types of offenders held changed over time. Statensrisere and remain largely
made up of violent offenders, but the proportion declinech 8% of the population in 1980 to
53% in 2005 (Figure 3). Much of this decline coincided with treafdrug offenders, which

more than tripled from about 6.4% of the population in 1@88bout 22% in 1990, remained

3. This estimate excludes persons who have been arrgséed time in jail, or served a probation sentence,
but did not serve time in state or federal prison.

13



relatively stable up to 2005, and then declined to 18% by 20P8blic order offenders, largely

due to weapons offenses, also more than doubled between 198an@24)00 (10%).
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Figure 3. Distribution of state prison population by offe type, 1980-2009. From Bureau of Justice Statistics -
National Prisoner Statistics, Survey of Inmates iteStaorrectional Facilities, National Corrections Reéipg
Program series.

In addition, state prisoners reporting no previous seatenprobation or incarceration
increased from 1 in 5 prisoners in 1991 to 1 in 4 in 2004, indgc#tigt a greater portion of
offender were being sent to prison rather than utilizmge intermediary measure and clear
evidence that sentencing policies had an effect on ppispalation growth (Bureau of Justice

Statistics, Survey of Inmates in State Correctionalliias, 1991 and 2004).

Change in Release Type, Time Served, and Impacts orsAmiType
As previously discussed, the use of parole boards declireedizas 1980s and 1990s and
the use of mandatory release statutes increased. Inth@A@st majority of prisoners were

assessed by a parole board prior to release (72%); by 19%@&dhaeclined to 24% (Figure 4).

4. In contrast, the federal system became increastogiprised of drug offenders. Drug offenders made
up 20% of the federal prison population in 1980 and 55% by 2005 (SoukoebGaminal Justice Statistics, 2006).
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During the same time period mandatory releases increasadL8% in 1977 to 41% in 1999

and EOS releases more than tripled from 6% to 18%.
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Figure 4. Change in prisoner release type, 1977 to 1999. Fuoeaof Justice Statistics, National Prisoner
Statistics series.

Another element contributing to the growth of the pripopulation was the increase in
time served. While the average sentence length imposedriwicted offenders decreased from
69 months in 1990 to 65 months in 1999, the average time servedsadr6 months and the
percent of sentence served went from 38% up to 49% (Hughes26801) Austin et al. (2007)
estimated that average time served went from 21 momtt@33 to 30 months in 2002, an
increase of 9 months. These differences may appearsmall, but when applied to the large
population base and the constant influx of admissiong s a major driver in boosting the

stock population.

5. This change can be attributed in part to the violdehdér and truth-in-sentencing statutes, which
required offenders to serve a certain percent of tleaieace in order for states to receive federal fundingrfson
capacity expansion. The unintended result was that aveeagence length imposed decreased, but time served
increased, still achieving the desired outcome of more behind bars. Also of note is the increase iolpar
violators, who generally serve shorter terms and wellybring down the average.
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Time served also varied by release type. Time serveduwpefar nearly every offense
type, but the impact varied across release types (Tabi®dnstance, between 1990 and 1999
time served among violent offenders increased from 49 to B®hsx@among discretionary,
respectively, from 41 to 47 months among mandatory releasédtom 44 to 52 months among
EOS releases in the same time period. Similar diffe¥e are observed for other offense types
and reinforce the fact length of incarceration vary wutiglly for similar offense types
depending upon the policies in place.

Table 1. Time Served by Release Type and Offense Type, 199®88d

Time served (month%)
1990 1999 Change

Total 28 34 +6
Discretionary 29 35 +6
Violent 49 59 +10
Property 25 31 +6
Drug 20 28 +8
Public order 18 21 +3
Mandatory 27 33 +6
Violent 41 47 +6
Property 23 30 +7
Drug 20 27 +7
Public order 19 25 +6
Expiration of sentence 31 36 +5
Violent 44 52 +8
Property 27 30 +3
Drug 21 29 +8
Public order 28 25 -3

Note From Hughes, Wilson, and Beck (2001).

#Includes time served in prison and jail.

As changes in release type and time served occurred,ishevidence that parole success
rates changed as well. An estimated 31% of parole rel@ad4®©83 resulted in returns to prison
(BJS, Annual Parole Survey, 1983). By 1998 this failure reteased to 42% (Bonczar and
Glaze, 1999). If parole boards were skilled in assesdiainood of success of parole, then

16



eliminating these panels may well have contributed tmemease of failure rates on supervision
and thus impacted recidivism. There is some reseaatistipports this assertion — Hughes et al.
(2001) found that success rates for those released in 1998coetidinary parole (54%) are
substantially higher than for those released on mandpé&wofe (33%5. The Urban Institute also
found that 54% of discretionary parole releases in 1984 wearrested after two years,
compared to 62% of mandatory releases, and 62% of unanaliteleases (Solomon,
Kachnowski, Bhati, 2005). It is not that types or lewdlsubsequent supervision necessarily
differ by type of release (although they might), bubeatthat those assessed by a board of
experts as a prerequisite for release may be more stidoms parole than those released after
serving a time period set by statute.

As more people came into prison, more were subsequetélsed, increasing the base
of persons at risk of return. At the same time, chamgtge nature of supervision from an
interactive and social-work approach to more authdanaoriented monitoring styles (Petersilia,
1999) likely served to accelerate return rates. Thesegelsehad inevitable impacts on the
manner in which persons were admitted to prison. Then®lof both new court commitments
and parole violators increased over time, but parole widatccounted for an increasing share
of the growth in later years: parole violators were 17%dmissions in 1980, 29% in 1990, and
35% by 2000 (Table 2).

These estimates are also likely an undercount of paiaigors since some states

include only technical violators in this category and procesgler admissions as new court

6. Results vary for first releases and re-releasedirBbreleases, mandatory releases had greater succes
(79%) compared to those released by parole board (61%sgdond releases the effect flips with parole board
releases being more successful (37%) compared to mandgeages (17%). Much of this is likely due to parole
boards being better at assessing risk following aralrféilure. These different outcomes achieved by finst a
subsequent releases will be accounted for in the latéelsio
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Table 2. Admissions to state prison by type, 1980-2009 commgmehtle other states may
revoke parole for either a technical violation or tbenmission of a new crime. Parole violators
are by definition recidivists, regardless of whethewytare returned for a new offense or a
technical violation. While the mean time served by parmkators is about half that served by
new court commitments (an average of 13 months and 25 snontl®95, respectively), the
increase in number of parole violators undoubtedly impactedritwth over time (BJS, NCRP,
1995).

Table 2. New Court Commitments and Parole Violatorsifted to State Prison

All New court PVs admitted

Year admissions commitments PVs (%)

1980 159,286 131,215 27,177 17
1985 240,598 183,131 56,192 23
1990 460,739 323,069 133,870 29
1995 521,970 337,492 175,726 34
2000 581,487 350,431 203,569 35
2005 676,952 421,426 232,229 34
2009 674,836 422,910 237,449 35

Note PVs = parole violators. Categories do not add td bateause returns from appeal/bond and “other”
admissions are not listed. From National Prisonatisics series, Bureau of Justice Statistics.

4 Based on inmates with a sentence of more than 1 yeeludes escapes, AWOL's, and transfers to and from other
jurisdictions.

Prison Population Growth Simulation and the Role afitReism

To estimate the impact of the increase in parole imokldmissions over time on state
prison population growth a simulation model is used. Rwvststrove to replicate the actual
increase of the number of persons in state prison bynstavith the known standing population
at the beginning of each year, adding new admissions By &yl “letting out” releases by type.
The assumptions used to replicate the actual populationtybmitveen 1988 and 2005 were as

follows:

18



* Based on variations in average time served, it wasatd that 25% of the
incarcerated population on Januamyedre new court commitments eligible for release
between 1990 and 1992. The population eligible-for-releasadyasted downward
to 20% from 1993 onward to account for increases in bothgene=d and in the
number of parole violators making up the stock as restitteo€thange in sentencing
and release policies.

* 10% of new commitments during the year were added to @idinirelease pool to
account for inmates sentenced to less than 1 year.

* These eligible-for-release new court commitment sulggg@ools were added
together and multiplied by the known rate of new courtrogments released in a
given year using data from NCRP release records (nevt commitment releases in
a given year ranged from 60% in 1988 to 65% in 2005, or 0.6 andre3@®ctively).

» All parole violators in the January 1 stock populationifeesgted using the 1991,
1997, and 2004 Survey of Inmates in State Correctional kexilBJS) were
automatically “let out.” Since the average time sdrigel2 months for parole
violators, offenders that were there on January 1 gyeneted a 100% release rate.

* The rate of newly admitted parole violators releaseagiven year was based on the
proportion of parole violators admitted and released irsdéinee year from the NCRP
data (varying from 20% in 1988 to 28% in 2008, or 0.20 and .28, resggyti

The resulting trend line was consistent with the aqiattern of growth over the time period.
Then an alternative growth trend in the prison popaatvas calculated based on the following

assumptions:
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* The incoming parole violator cohort was halved to simutateditions under the previous
social-worker oriented style of parole supervision (lekmnse supervision, treatment-
focused, and higher thresholds for revocation).

» Had this occurred, the stock population at the beginningeojehr would contain a
greater proportion of persons serving sentences as ngtvooonmitments. In addition,
had the time served component remained unchanged, persolascycle through
slightly faster. Thus, the proportion of beginning-yeawrcourt commitments eligible
for release was boosted from 20% to 50%. Incoming new coartitments eligible-
for-release over the year remained at a conservative 10%

* As before, this eligible-for-release new court cotnmeint pool was then multiplied by
the known release rate of new court commitments I@RP for each year.

* The same assumptions for parole violator releasesapgieed (all of the beginning year

stock and half of the incoming parole violators in a giyear).
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Figure 5. Growth in state prisoners, actual and sirad/at990-2005. Actual population is based on data from the
National Prisoner Statistics and the National Cdiwas Reporting Program (BJS). Simulated population sedba

on a 50% reduction in persons returned for parole violatiSimulation also used data from the Survey of Inmates
in State Correctional Facilities, 1991, 1997, and 2004.
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Figure 5 shows the results of the simulation. Hadribeeases in time served not
occurred and parole violators returned either for ndensgés or revocations been halved, the
standing prison population in 2005 would be about 970,000 instelg@ 4,000, or 24% lower.
The population still rose substantially because no atssassumption was introduced to
diminish the volume of new court commitments entegrigon over the time period. However,
had the rate of parole violators returned been reduceduthber of persons on prison would be
substantially lower.

This exercise illustrates two things. First, that@othanges had real impact on the
growth of the prison population. Stricter sentencing asee the probability of being
imprisoned given an offense and the length of time sebati, of which increased the size of
the prison population. Increases in the pool of persorssipervision and changes in supervision
policies resulted in high rates of parole revocati@td®d, that one can impact the size of the
prison population simply by changing how we deal with pavmators. Even if there is
resistance to offering alternative to incarceratianpersons on parole convicted of a new
offense, we could still reduce the population by providing radifére sanctions to technical
violators. Better still, we could lower the return rideboth by identifying the reason behind the
returns and attempting to address some of them.

These results are consistent with the multi-statelivism studies conducted in the early
1980s and again in the mid-1990s which indicate offenders retumprgson make up a
substantial portion of the standing prison population. BeckShipley (1989) estimated from a
cohort of prisoners released in 1983 that 41% were re@eded within three years. A similar
study conducted by Langan and Levin (2002) from the Bureau ofd&ttatistics found 52% of

prisoners released in 1994 were returned to prison withee tygars, half for a parole violation
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and half for a new conviction. We cannot conclude tmatifference in recidivism between the
studies is significant due to changes in methodology; heryeven if the rate of return

remained stable, surely a 40% recidivism rate can be wragropon. A more recent national
study of recidivism, the largest to date, was conductdtidPew Center for the States (2011)
and looked at 3-year returns for 1999 (33 states) and 2004el@dsstates) and found 45%

and 43%, respectively, were returned to incarcerationleMiwer than the rates found in the
1994 BJS study, these stubbornly high rates of return reafbe need to better understand the
factors behind why people come bdckhe simulated model demonstrates the effect of reducing
recidivism by half and the results reinforce that thign endeavor worthy of pursuit.

This review of the factors that gave rise to massiveeas®s in the prison population
provides evidence that sentencing and supervision policiey hiaek substantial effects on the
probability that an offender will serve more time imspn and that a released inmate will
recidivate. The initial dramatic rise in the prison papah occurring in the 1980s and early
1990 was driven by increases in the crime rate and new @amarhitments, but crime began to
decline in the early 1990s and the prison population coedibo grow. Recidivism, largely in
the form of parole revocation, became an increasimgbprtant factor in the continued growth
of the prison population. This suggests that understandingednding recidivism is an
important factor in any efforts to reduce the prison pomnattinally, the simulation model
presented reinforces the contention that the policy enwent affects the likelihood of return

and should be included in models of recidivism.

7. The report also lists rates by state, but since tlefisiand quality of data varied so widely between
states, such comparisons are ill-advised. The study sdslcausimplistic model of recidivism, failing to accournt fo
any variables correlated with recidivism rates; ttloekess ad hoc observations regarding policy differenstsgelen
states were tied to outcomes.
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Studies of Criminal Behavior and Recidivism

A number of empirical studies of criminal behavior anddiism have identified
variables related to both the likelihood of initial inwednent in crime and repeat incarcerations.
This literature has identified core individual charasters as well as some community and
public policy factors that appear to be correlated with crambehavior. Many of these factors

may inform the design of an expanded model of recidivism.

Individual Characteristics

Some variables associated with criminal behavior andixesin and are often readily
available in individual level data systems include gendert,rage, conviction offense, and prior
criminal history. Some additional factors, which are encinallenging to obtain at the individual
level, are education, employment, substance abuse,ipatita in treatment programs, and
personal attachments, such marital status and family dugitiough not all of these factors
were available for the study, it is important to undedtahat was included and excluded in the
research and the possible implications on the model.

Males are more likely than females to be criminailyoilved — one can simply look to the
arrest rates in the Uniform Crime Reports and thekgpoison population to see this. While
males and females each comprise approximately half géident population, males make up
the overwhelming majority of those arrested and incatedr although female criminal
involvement has increased over time. In 1980 about 1 in Staeewere female, increasing to 1
in 4 by 2009 (UCR data tool, 2012). Similarly, female inmate® acreased over time, from
4% of the prison population in 1980 to 7% by 2010, but theystikain far less likely than

males to be incarcerated (National Prisoner StaisBcies, Bureau of Justice Statistics).
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Age is another factor that is correlated with crirhimehavior. In fact, the spike in crime
described earlier is believed to be due in part to the babgers making their way through the
crime-prone age band, ages 16 to 24 (Steffensmeier and Ha94), Age of criminal behavior
on-set is also believed to have an influence on crinsga@er and impact future recidivism — the
earlier the involvement in crime, the more likely theshavior will continue through the crime-
prone years (Blumstein et al., 1986; Chaiken and Chaiken, D&8@bo et al. 1995; Farrington,
1986; Farrington and Hawkins, 1991; Greenberg, 1991; Nagin and Famid§92; Patterson
and Yoerger, 1993). Criminal involvement desists with agdea®nstrated by proponents of
the aging-out theory (Glueck and Glueck, 1950; Farrington, 198@teliéing, Hirschi, and Weis,
1981; Sullivan, 1989), although the reasons for this are asotidebaté.

Race is also related to incarceration — black malescplarty young black males, are
consistently and significantly more likely to be inmemnated than their white counterparts;
although disparities appear to have dissipated somewhatant years, the divergence remains
marked — black males had an incarceration rate neaydewes that of white males at yearend
2010 (Guerino, Harrison, and Sabol, 2011). Tonry and Mele{26Ki8) estimate that 61% of
the racial disparity in incarceration rates is dueifferéntial involvement in crime (as measured
by arrest rates — that is, 61% of the disparity caexpdained by higher arrest rates for blacks),
down from the 80% estimate previously estimated by Blum$i€93). There are, of course,
socioeconomic factors believed to interact with raceompound the likelihood of criminal

involvement (Krivo and Peterson, 1996).

8. For example, Gottfredson and Hirschi (1990) argue thateiesésin crime is a result of learning self-
control, rather than aging out itself. Other reseangisay that the average career length is betweere&r3 gnd is
more likely to desist due to life changes, such as marr&gployment, increased ties to the community, or
deterrence following a sanction (Tittle, 1980; Sherman amithS1992; Spellman, 1994; Wilson, 1985).
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Once incarcerated, blacks appear to be more likely toerahfeven after controlling for
offense and other demographics (Benedict and Huff-Corzine, 839%jreau, Little, and
Goggin, 1996; Listwan et al., 2003; Spohn and Holleran, 2002prPtime has even been
declared to be the norm of early adulthood for young hlals&n men (Freeman, 1996; Irwin
and Austin, 1997; Garland, 2001). A lifetime prevalence studyatts that if current age-
specific rate of first incarceration remain unchanged, 88&tack males born in 2001 will
spend some portion of their life in prison, compared too6%hite males and 17% of Hispanic
males born the same year (Bonczar, 2003).

Additional research shows that some offender typemare likely to return than others.
Violent offenders are less likely than property tofiesad (Beck and Shipley, 1989; Kohl et al.,
2008; Langan and Levin, 2002). This is likely related in partécailrerage frequency of crimes
committed by offender type. Property offenders are eséichto commit 12 crimes per year,
compared to 3.5 for violent offenders (Spelman, 1994). Tieeofadrug offender returns vary
widely across studies (see Beck and Shipley, 1989; Kohl, &C418; Solomon, Kachnowski, and
Bhati, 2005); it is likely that the differences in retinave more to do with supervision policies
than the criminality of former drug offenders.

Prior criminal behavior is also a consistently strpnedictor of future criminality
(Andrews and Bonta, 199Bjumstein et al., 1986; DeJong, 1997; Gendreau, Little, andi&0gg
1996; Zamble and Quinsey, 1997). Findings from national inmwaieys reinforce this — about
75% of prisoners in 1997 had a previous sentence to incarceoamwobation prior to their
current admission to prison and 43% had at least 3 poardarations (BJS, 2000). Using this

rule of thumb, all persons released from prison havieaeased likelihood of returning.
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Some recidivism studies take many of the preceding &atto account. Gendreau, Little, and
Goggin (1996) looked at 131 recidivism studies with adult offendenducted between 1970
and 1994 and found the strongest predictors of recidivisra gebder, race, age, priors
(measured as any previous interaction with the crimustige system), social achievement, and
family factors. Cottle, Lee, and Heilbrun (2001) assesse@d@ivism studies with juvenile
offenders between 1983 and 2000 and found offense history e Ipgoist significant predictor
of recidivism. The most influential pieces in identifgioffender characteristics associated with
recidivism remain the studies conducted by the Bureaustité Statistics (Beck and Shipley,
1989; Langan and Levin, 2002). Findings from the 1994 release @amdirtm that some of the
individual characteristics discussed are key elementghad® in models of recidivism. Risk
factors that appear to increase rates of recidivignbaing male, black, young, and convicted of
a property crime (Table 3). The report also indicatedl ttie number of prior arrests correlates
with future arrests — about two-thirds of the 1994 exit colmd more than 5 previous arrests
and were more likely to be re-arrested compared to tltesgses with a shorter criminal history
(Langan and Levin, 2002).

Measures of gender, age, race, offense, and prior crilmsgtary are common variables
in administrative records, which are often the sotocéarge-scale recidivism studies including
this one. There are additional variables that have essrc@ated with success and failure, but
are more difficult to obtain from administrative a@aincluding employment, education,
substance abuse, and participation in treatment.

Employment has been repeatedly linked with criminal mewlent and recidivism
(Bushway, 1998; Meredith, Speir, and Johnson, 2007; Sampsdraahd1993; Western and

Beckett, 1999). Uggen (2000) found that employment had a nataivipening effect on arrest

26



for males 27 years and older and Cook (1975) determined tbaseel inmates with jobs were
less likely to have their parole revoked for a new offeiike. link between employment
programs, such as work release and employment assistéaacrixed: some identify little
association between such aid and crime desistance (Batkan, and Rossi, 1980; Waldo and
Chiricos 1977), while others find a significant reductioneicidivism for participants of such
programs (Wilson, Gallagher, and MacKenzie, 2001). Titteme may be more complex than
simply finding employment. Bucklen, Zajac, and Gnall (2004)d in a sample of parolees that
most found work without too much difficulty, but had unigtad expectations about pay in
conjunction with debts to pay following their time ingwn. Sabol (2007) adds that employment
is subject not only to local labor-market conditions, & ghe pre-incarceration employment
experience (lengthier pre-prison employment is correlatédsuccess in finding post-release
employment) and type of release (persons on parole@eelikely to find employment).

Employment is associated with race as well. Blaclkes)already challenged in obtaining
living wage jobs, experienced a decrease in employmeneih990s due to crime involvement,
transportation challenges, and lack of information oemitdl opportunities (Hozler and Offner,
2004). Further compounding the problem, Pager (2003) estimatetig¢heftect of a criminal
record on the likelihood of an application callback W@%bo larger for blacks compared to whites
— in fact whites with a criminal record were more likedyget callbacks than blacks without one.
Lynch and Sabol (1998) also found that prison release matka negative impact on workforce
involvement for blacks, but a positive one for whitelsafTis, as more persons came out of
prison, employment went down for blacks but up for whiteb\ace versa.

Education can be an important factor in obtaining employraed has also been used as

a measure of investment in socially-accepted values. #Hawpersons in the criminal justice

27



Table 3. Characteristics of State Prisoners Releas£@94 and Returned to Prison

% of state prisoners

Return to
All prison
released (3 yrs)

All released prisoners 100.0 51.8
Gender

Male 91.3 53.0

Female 8.7 39.4
Race

White 50.4 49.9

Black 48.5 54.2

Other 11 49.5
Ethnicity

Hispanic 24.5 51.9

Non-Hispanic 75.5 57.3
Age at release

14-17 0.3 56.6

18-24 21.0 52.0

25-29 22.8 52.5

30-34 22.7 54.8

35-39 16.2 52.0

40-44 9.4 50.0

45+ 7.6 40.9
Offense type

Violent 22.5 48.8

Property 33.5 56.4

Drug 32.6 49.2

Public-order 9.7 48.0

Other 1.7 66.9

Note From Langan and Levin (2002).

system typically come from lower socioeconomictstiend have lower levels of formal
education compared to the general population, which nebaimmpacts their marketability and
may impact their allegiance to traditional econonatues. We know that former offenders with
additional education tend to fare better than those wit{ideJong, 1997; Tracy and Johnson,
1994), but educational opportunities beyond a GED in prisorscaree due to resource

limitations of facilities, inmate motivation, and teeverance of access to Pell Grants per the
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1994 Violent Crime Control and Enforcement Act. Overalhates have lower levels of
educational attainment than those in the general popul&ibinmates surveyed in 1997, about
43% had less than a high school education (BJS, 2000) comparedrly 17% of persons aged
18 and older in the general population (National CenteEflucation Statistics, 1998). About
44% of prisoners had earned a high school diploma or @G&aldared to 33% in the general
population) and only 13% of prisoners had any higher educattonpared to 48% of the
general population). This differentially affects blacksettiPand Western (2004) estimate that
30% of all black non-college men served time in prisothieyr mid-30s; for high-school
dropouts this doubled to 60%.

Employment and education are useful measures to predistaraces of success
following release — higher levels of education are astetwith greater chance of employment.
These factors are also used in conjunction with maatigalis and family ties to represent broader
measures of investment in stakes of conformity, soajit&l, and attachments to family and
community (Hart, Kropp, and Hare., 1988; Sampson and Laub, $8@8mnan and Smith, 1992;
Tittle, 1980; Waller, 1974). It would be ideal to have employtnaad education available at the
individual level for the study; in the absence of this datapossible to use proxies at the county
level to characterize the level of opportunity availablexmates released to a certain area.
There is also a large body of research that empdmtie role of substance abuse in recidivism
and the potential successes associated with treatmdiotgadion (both in substance abuse
treatment and behavior modification treatment). Tle of substance abuse on criminal
behavior and recidivism is well established in theditere. Wish and Johnson (1986) found that
as levels of drug use increased, so did criminal actidgmbo et al. (1994), Roy (1995), and

DeJong (1997) also found substance abuse to be an impanedidtor of recidivism. We also
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know that incarcerated persons have greater levelshstance abuse and dependence.
According to the 2004 Survey of Inmates in State CooeatiFacilities (BJS), about half of all
state inmates (and three-quarters of drug offenders) egposing drugs in the month before
their arrest, about a third report drug use at the tintleecoffense, and over half (53%) were
determined to have drug abuse or dependence issues, comp2¥edihtthe general population
(Mumola and Karberg, 2006). Alcohol plays a similar iinléhe lives of inmates; more than 1
in 4 (44%) state inmates in 2004 met the criteria for eohall abuse or dependence problem
(Noonan and Mumola, 2007).

Substance abuse involvement has serious implicationstér success. Spohn and
Holleran (2002) found that prison time for felony drug offesdeas linked to higher and faster
rates of return when compared to felony drug offendersdlan probation while Zamble and
Quinsey (1997) found that of released offenders put on druglemidol restrictions, about two
thirds violated these limits in the first week of ree&8amble and Quinsey, 1997). Clearly,
substance abuse has a role in criminal behavior anckéidadiod of return. Unfortunately,
measures of substance abuse are not often includedinisilative record collections.

Similarly, participation in treatment programs, faher substance abuse or other mental
health-based treatments, is suspected to be assocititesliaéess upon release. In a study based
on California parolees receiving treatment in prisonlgioed with post-release care had
significantly lower rates of recidivism compared to im@sanot receiving such treatment, 35%
returned over 2 years compared to 52%, respectivelyf¢@aa Department of Corrections and
Rehabilitation, 2009). However, the quality and continaftgare appear to be key in the impact
on recidivism (Hiller, Knight, and Simpson, 1999). AbdQf6 of state inmates in 2004 with

substance abuse problems reported receiving some type tH#rszebabuse treatment since their
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admission to prison, but treatment varied — most@pated in self-help groups and peer-
counseling (28%), while the least prevalent treatmentintessive programming through a
residential facility or unit (9.5%) (Mumola and Karberg, 2006)

Other types of treatment have also been associatbdeductions in recidivism.
Henning and Freuh (1996) found a 20% reduction in recidivism f@ope receiving cognitive
behavior treatment compared to those not receiving tezatr@aes et al. (1999) posit that most
correctional treatments have at least modest pestiects and should focus on skills-oriented
and cognitive-behavioral treatments.

Treatment is a challenging variable to include in re@divstudies not only because the
data is rarely available at a state-wide level fozaséd individuals, but also because the
modality, quality, and length of the treatment variesvstely from place to place. Neither
substance abuse measures nor participation in variousi¢nrg@gbrograms were available for
inclusion in this study in predicting recidivism. These ather factors such as mental health
measures, personality scales, and attitudal measureerencluded in needs and risk-
assessment scales conducted prior to release. Sucbnasstshave had some success in
predicting recidivism in recent years, but much debatginues as to the level of accuracy,
application across offender types, and assessment tyg@lver, Smith, and Banks, 2000). As
with treatment participation, risk needs and assedstoels vary widely by state and scores are
rarely included in administrative records. Thus, thisrimi@tion is not included in the present
study, but should be considered in future work.

The preceding research establishes individual and crinuisiad¢ measures to consider

in subsequent studies of recidivism, some of whicheadily available and some of which
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present challenges. We will now look to studies that addhesinfluence of the community on

criminal behavior and recidivism.

Community Characteristics

The empirical literature on community factors tend®tms on community influences
contributing to delinquency and criminal behavior rather teamivism. Still, the body of
research rooted in ecological theory provides ample eseddrat community measures should
be included in an expanded model of recidivism. The eamdbtheory posits that communities
are complex organizations that can inhibit or enhancaral activity (Merton, 1938; Park and
Burgess, 1924). Areas susceptible to crime are charactégzeigh rates of social heterogeneity
and mobility such that consensual social order isadilfito achieve, exacerbating crime rates.
Shaw and McKay (1969) referred to this condition as “$alismrganization.”

Social disorganization is believed to both directly andr@atly impact individual
criminal activity through lack of positive social cont(slich as parental supervision, community
supervision, the teaching of valued social convention®onsg) and the reinforcement or
imposition of negative social controls (such as neggatle models, destructive subcultural
values, and reinforcement of illegal behavibA substantial portion of the research in the last
few decades represent variations of Shaw and McKaylalstisorganization theory (1929;
1969) positing that low socioeconomic status, ethnic bgesreity, and high levels of residential
mobility lead to social disorganization and increased crime

Ecological theories fell out of favor during the 1970s, ketmerged when Bursik and

Webb (1982) applied an updated model to the Shaw and McKayod&tastert the relationship

9. This is directly linked to earlier works by Sutherland &€ressey (1943), Reckless (1961), and Hirschi
(1969).
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between social disorganization and crime in Chicago canmties. This work and the synthesis
of ecological theories and social control theory lydik and Grasmick (1993) renewed interest
in empirical tests of ecological theories of criare disorganization theory. The second
generation of the ecological tradition was marked bydikenction between the social structural
position of areas and the direct measurement of pattérinteraction posited to flow from those
structural conditions. The concept of social disorgaiomavas broken into its component parts
yielding greater evidence that the structural aspectsc@lstisorganization and the resulting
patterns of interaction in the community were relatetthe way the original social
disorganization theories predicted.

Since then, social disorganization theory has beerabpealized and measured in many
ways including: subcultural street codes (Anderson, 1999; Baatal., 2003), environmental
stressors (Latkin and Curry, 2003), community cohesionKMgitz et al., 2001), collective
efficacy (Lynch et al., 2001; Sampson, Raudenbush, and E@8i8), anonymity and mobility
(Crutchfield, 1989), alternative exchange interests (H&0@4), and limited human and social
capital (Cullen, Wright, and Chamlin, 1999; Rose and C1688).

This research included many variables from previous soisiatganization work and
builds upon it by organizing these complex measures in tvio cadegories — urbanization and
opportunity. Traditional social disorganization is cid using a measure afbanization
which includes the well-tested measures of population gensgidential mobility, and racial
heterogeneity. Other factors that have emerged iregearch can be assessed in terms of
opportunity. Opportunities can either be consistent tr@titional social values (legitimate
opportunity, as measured by factors such as education ilea@ie, and employment rate) or

can be contrary to them (illegitimate opportunity, swead by factors such as crime rate,
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unmarried males, and single-female headed households).aBgremwell-functioning
community has high levels of legitimate opportunity and levels of illegitimate opportunity
while socially disorganized communities are characteérimelow levels of legitimate
opportunity and high levels of illegitimate opportunity.

Urban areas are characterized by high levels of popnldgasity and mobility and low
levels of racial heterogeneity, which in turn are asged with social disorganization and
disadvantage. For example, Roncek (1981) linked areas magelglpopulated with apartment
housing to increased rates of violent crime, a findingttndbates in part to increased anonymity.
Increased population density has been consistently linkedherhiates of crime (Bursik, 1986,
1988; Bursik and Grasmick 1993; Sampson, 1985; Sampson and Groves]ik€i§9)
exacerbated by the higher levels of residential molihigy contribute to increased isolation and
the weakening of ties with extended family and neighborsa(Git al., 2004). Racial
heterogeneity also appears to contribute to instabifiégearch indicates that areas with less
heterogeneity are more likely to be higher crime angadicularly when the population makeup
is black or foreign-born (Messner and Tardiff, 1986; Samp%987).

Sampson (1987) posited that areas with high rates of Semi@le-headed households
are linked to higher crime in the community due to decreagaehgsion of young males in the
area, increasing illegitimate opportunities. Darity anglybts (1994) found incarceration
compounded the prevalence of female-headed families ik &taas; Lynch and Sabol (2002)
later reinforced this when they estimated that 20%efribrease in single-black-female headed
households in the 1980s was due to the effects of inctiozerBisadvantage has also been
measured using socioeconomic factors in combinationthélurbanization measures

summarized above. Krivo and Peterson (1996), controllinefoale-headed households, male
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joblessness, percent of crime-age population (ages 15-2d@¢npétack, and level of community
instability (measured by rental and occupancy rates), fcwatcektremely disadvantaged
neighborhoods had higher crime rates, and that thesgstl disadvantages had similar
impacts in both black and white disadvantaged neighborh&otisin and Stewart (2006) and
Kubrin, Squires, and Stewart (2007) created a neighbortiisadvantage measure using the
portion of residents on public assistance, below thenpplevel, or unemployed, as well as
median family income — measures also used by Sampson (19$5)de community
socioeconomic status. This scale determined that a ohmengase in the neighborhood
disadvantage index resulted in increasing the odds iolfivisen by 12 units (Kubrin and Stewart
2006). Further research found neighborhood socioeconomus stabe significant in explaining
variations in rearrest, and that blacks were moréylilkcecome from areas of neighborhood
disadvantage (Kubrin et al., 2007).

These findings indicate that community structure antbegonomic measures are
important to include when studying recidivism and thatadalisorganization is a useful concept
for distinguishing communities that may increase theotslecidivism. For the purposes of this
research social disorganization is conceptualized bd#rims of urbanization and opportunity
measures. As previously discussed, opportunities are laleaitaboth legitimate and illegitimate
forms for released offenders and may vary substanbglgommunity. For those who want to
return to criminal behavior, there are undoubtedly old diseand contacts willing to aid and abet
in such illegitimate opportunities; these opportunities mall be greater in areas with lower
levels of supervision and higher crime rates. For thdsewant to try to stay straight, the
availability of legitimate opportunities (such as a @yej@b with a living wage) can help this

effort whereas a dearth of legitimate opportunitiesfodnt, particularly when taken in
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combination with numerous sources of illegitimate oppaty. Further, the simple status of
being on parole criminalizes some activities for forwigenders that are otherwise not grounds
for incarceration, such as drinking with friends, beiegrswith known criminals, and failure to
attend AA or NA meetings. Released offenders have aii bpltie. They are returned to the
negative influences that may have introduced them torainbehavior, have a criminal record
that impedes obtaining a legitimate job, must fulfilish of conditions as a requirement of
parole, also face other challenges such as housing,i$sekschild-support, and a lack of family
support. While it would be ideal to have some of these speodasures for such challenges,
previous research indicates we don’t necessarily need thedent in the practice of the extant
social disorganization studies using demographic and socioeiodata at the community level
to represent concepts such as social attachments anldcapdial within a community.

Much of the previous research on social disorganizatmsaenducted based on
neighborhood-level measures. This is not possible wiuglyiag recidivism across states using
administrative data which may be why there is litthgdascale research that includes
community factors thus far. As we will see in the nghdpter, this research uses county-level
indicators to measure opportunity and urbanization, whictbées used as the unit of
measurement by at least one other study that assessedinyneffects on recidivism (Wilson,
2005). Using country may even be advantageous in thatimtgdevel differences of
urbanization and opportunity are correlated with recihivive may be able to recommend
policy solutions that affect a larger population beyondiighborhood level. We now move on
to reiterate and reinforce the evidence that measumast€ policy are important to include

when studying recidivism.
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Public Policy Controls

It has already been established that sentencing pdtigiesplayed a hand in the
unprecedented growth of the prison population — the incre@sdime in the use of parole, the
shift from discretionary parole release to mandatdease by statute, and the movement of
parole away from support and programming services to lawanfent type surveillance have
increased the rate of return of parole violators to pre&azd compounded the growth of the
population. We have previously argued for the importan¢kesie policies in predicting
recidivism on the basis of macro-level decompos#&iofthe prison population and its increase
over time. Additional evidence for the importance déase policy on recidivism can be found
in individual level recidivism studies previously discussHte increase in time served,
instituted with the expectation that more time has greterrent effects, is another way in
which the sentencing policy changes contributed to groftiheoprison population; research
outcomes on the success of this strategy will alshidmeissed.

Recidivism research to date does not yield much suppatdahift away from the use
of parole boards. While subsequent supervision levels dcenessarily differ by release type,
but those formally assessed for risk by a board of expsra prerequisite for releanaybe
more successful on parole than those released byestatiitthe research is mixed. Solomon,
Kachnowski, and Bhati (2005) found release type had litifgact on the probability of being
rearrested. Persons on discretionary release didlgllggtter than mandatory releases, who did
no better (and sometimes worse) than those releati@alivany supervision. Solomon (2006)
and Bonta et al. (2008) proclaim there is no evidence talt@arole in general has either
systematically reduced recidivism or increased publietgand called for the need to study

classification, type, length, and quality of supervisiarercarefully.
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There is some research that begins to do so. Geo2fidd ) took advantage of a
programming error in a classification instrument usedetermine level of post-custody
supervision in Washington State to show that persons mmya&kiocated to higher levels of
supervision were not more successful than those progladyified to lower levels of
supervision. Around the same time an overview of re@divstudies conducted by state adult
and juvenile departments of correction between 1995 and 200@ [8entencing Project (2010)
found mixed results of parole supervision and rates ofreRecidivism was higher for those on
released to supervision compared to those released uncoallly in Arizona, Kentucky,
Massachusetts, Oklahoma, and West Virginia; but supenedeases were more successful than
outright (unsupervised) releases in Connecticut, lowa, amthKarolina. The definitions of
recidivism, size of sample, type of offender included| eharacteristics used varied between
studies, making outcome comparisons difficult. We cam assume that definitions and levels of
supervision varied widely across states.

Wilson (2005) used a model similar to the one adopted ingbéarch to investigate why
recidivism rates in Tennessee increased between 1993 andHE98@ntrolled for individual
demographics, the area to which they returned (county of d@mjicand type of release and
found the increase in recidivism was due to neitheninal behavior nor demographics, but
rather an increase in technical violations. In otherdsd was policy and not personal attributes
that most affected recidivism. Parolees returning to ualbaas had higher rates of recidivism,
and recidivism was highest for property offenders. THiesings are key to informing efforts to
reduce the prison population, but require further testingigare this finding is not specific to

Tennessee.
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Another form of public policy control that resulted frglicy changes — the increase in
time served — is also hotly debated within the literatunet has been included in a number of
recidivism studies. If time served has a limited imgacwhether offenders return, a reduction
in the average incarceration period could aid in reduciagtison population in the same way it
contributed to the growth. The increase in time seivede of the cornerstones of the get-tough
movement and presumes that keeping offenders longerithér eleter future criminal behavior
or simply incapacitate longer and thus reduce the frequarttyeir criminal activity.

Determinate sentencing, mandatory minimums, threkestrand truth-in-sentencing were all
motivated at least in part by the belief that moreetwould reduce crime. Yet, few studies have
indicated that an increase in time served has a dampdfecga@n recidivism. Langan and

Levin (2002) identified an effect only on inmates serving niba@ 5 years; the median time
served was 20 months, indicating if there was indeethpadt, it was only being applied to a
subset of the population. In a smaller study, Kuziemko (20&ithated that for each month
served by inmates in Georgia, recidivism was reducedd9¢,lindependent of other control
factors. These studies support the contention thatasetetime served can decrease the
likelihood of return.

However, the theory that increased time served eitteentiampact or increases
recidivism appears to have more support. Even beforéhtirgges in sentencing policies,
evidence indicated that time served had either no dissatk and Hoffman, 1976) or actually
increased recidivism (Gottfredson, Gottfredson, and Garal8I77). Studies of early release in
the 1980s found that reducing sentences had no impact owisigBerecochea, Jaman, and
Jones, 1974; Sims and O’Connell, 1985; Austin, 1986). Gendreau £999) conducted a

meta-analysis of studies comparing length of time seawmedecidivism as well as the use of
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prison or less severe sanctions on recidivism andleded that more punishment either had no
effect on recidivism or actually increased likelihoodettirn. In a more recent study, Frederique
(2005) found that increased time served among violent offema&rennsylvania released from
1997 to 2001 were more likely to return.

The mixed results promulgated from the body of reseainciine impact of release type
and time served on recidivism indicates that thesabi®s should be considered when assessing
why people come back to prison. It is also importanctomawledge that these two policies are
not the only ways in which policy differences over pland time can affect the likelihood of
recidivism, but they are the most accessible in terhasta measures. Other measures, such a
level of supervision, conditions of release, and offitieesholds for parole revocations would
be valuable measures to include, but are not availablenvtitbidata sources used here.

In the beginning of this chapter, a number of other siggqudflicies that contributed to the
increase in the prison population were identified, sughasdatory minimum sentences and
three-strikes laws. It is difficult to assess theet# of these policies on an individual's
likelihood of returning to prison, since data on sentencipg &nd structure is not readily
available at an individual level. In some sense, howegdicy effects are greater than the sum
of individual policies that we can identify. The “getigh” movement involved not only new,
specific practices such as the imposition of mandatamynmam sentences, but also impacted
many smaller policy decisions that affect recidivisior &xample, the shift in the approach of
parole supervision policies in a locale, both large ¢thi# from discretionary to mandatory
release) and small (the number and nature of technidatigios that can trigger a revocation)
likely impacts the size of the prison population substéintat any given time. Other places may

have instituted a practice to divert all drug offendettsg¢atment and allow greater latitude and
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discretion in parole revocations, resulting in lowezidivism rates. The amalgamation of such
changes in the policy climate may be more importaauh any single or specific change in
sentencing or supervision policy. In this analysis, we natlonly assess the effects of specific
policies on the likelihood of an individual inmate’siddzism, but also the effects of changes in
the policy environment by using both release type and state ywanmables that encompass the

definite, but difficult-to-measure differences in praetietween states.

Summary

The majority of empirical recidivism studies have éapized attributes of inmates as the
determinants of whether a released prisoner succeedssoihese studies provide strong
evidence that different personal and criminal justiceagttaristics of individuals are related to
different probabilities of recidivism. At the sammé, the changing sentencing and release
policies, resulting in the creation of more personpanole, changes in supervision, and lower
thresholds of revocation, contributed to the massigreases in the prison population in the last
several decades.

The foregoing review suggests that recidivism influencesite of the prison population
and that specific policies affect the likelihood of mgrisonment. This raises the prospect that
what appears to be the effect of inmate characteristicecidivism may be the result of
different policies being in force in different plaaasat different times. Moreover, the ecological
tradition in criminology and more recent studies ondbkateral consequences of imprisonment
argue that the residential community an inmate comesdrmahreturns to may influence
subsequent success or failure. The evidence for includingdodi, policy and community
variables in models of recidivism is compelling, but teedas only been conducted in a study

of one state (Wilson, 2005), who found that the increasecidivism between 1993 and 1999 in
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Tennessee was correlated with neither county measoresiminal behavior, but was instead a
result of technical violations. This study will bring \&lsies from each of these domains to bear
on the question of recidivism across several staigédest the relative contributions of these

domains to recidivism and whether these impacts varytowerand place.
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CHAPTER 3

RESEARCH DESIGN AND METHODOLOGY

Based on the review of the literature, it is reason@bleelieve that recidivism is
influenced by attributes of offenders, the characiesigif the residential communities from
which inmates come and to which they return, and thersgngeand supervision policies in the
jurisdictions in which inmates live. Previous work onidézism and offending suggest that these
classes of factors can affect the likelihood of i@ading both individually and in combination.
However, the specific relationship between these vagabid recidivism is not known because
few studies have included all three categories in their lmodkis chapter describes how these
relationships are operationalized beginning with the dedmitif recidivism, followed by the
statement of the hypotheses. The chapter also includiescaiption of the data sources, the

construction of the dataset, and the methods applietohe hypotheses.

Defining Recidivism

As previously mentioned, one of the greatest challengesmparing recidivism rates
across studies is the variation in definitions used. 2{a984:1) offers a broad definition of
recidivism:

Recidivism is the reversion of an individual to crimibahavior after he or she has been
convicted of a prior offense, sentenced, and (presumatnisgated. It results from the
concatenation of failures: failure of the individualit@ up to society's expectations—or
failure of society to provide for the individual; a cegsent failure of the individual to
stay out of trouble; failure of the individual, as afentler, to escape arrest and
conviction; failure of the individual as an inmate of areotional institution to take
advantage of correctional programs—or failure of thetirtgin to provide programs that
rehabilitate; and additional failures by the individuatamtinuing in a criminal career
after release.

It is notable that the term “failure” is repeatedlypbgd to the individual, with the exception of

minor allocations of responsibility assigned to stycfer failing “to provide” (the term
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“provide” could refer to social supports ranging from educat@oequality and opportunity) and
institutions for failing “to correct” (modifying behaviors fit within socially acceptable norms).
The contribution of specific policies to “failure” imespicuously absent from this lengthy
definition. This definition is consistent with thediaonal view of criminal behavior — that
responsibility lies largely with the individual.

Recidivism is usually operationalized in terms of anest, a reconviction, or a return to
incarceration. Studies using rearrest as a measure oifisgi (Schmidt and Witte, 1988;
Lanza-Kaduce, Parker, and Thomas, 1999) rely upon the lthveshold (probable cause) to
define failure. As Maltz (1984) notes, this can result ipdyerrors by including those who are
not guilty!° Other studies reconviction or re-imprisonment to meamaidivism (Carr-Hill and
Carr-Hill, 1972) and still others (Beck and Shipley, 1989; LaragahLevin, 2002) use all three
to provide a range of measures. This study is concernedenditicing the prison population by
decreasing the rate of persons returning to prison; therdfee appropriate recidivism measure
used is a subsequent admission to prison after release.

Researchers in the past have also disagreed onkhgeried by which to measure
recidivism. Time to recidivism has been measured irements of months, years, and even
lifetime. Due to the time lapse necessary for amaliée to reoffend or violate parole and be re-
processed through the criminal justice system, a onerggan may be too short for some
systems* The common practice is to use a 3-year recidivismsme and thus this will be the
threshold used in this research (Beck and Shipley, 1989; Lamghbevin, 2002; Pew Center

for the States, 2011). Specific time to return, type tfrrg and number of times returned were

10. All recidivism studies suffer from Type Il errors inttttzose who are not re-arrested, convicted, or
incarcerated have not necessarily ceased criminal imehav

11. Some persons previously released may be held ioljaiving a re-conviction or revocation of parole
and may not appear in the prison system database @ytiath actually transferred to a prison facility.
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additional dependent variables that were considered. \Wadk of these can be a valid measure,
states vary in their classification of return typad also in their processing times to admit a
recidivist back to prison. For instance, in soméestall admissions are categorized as new court
commitments (this phenomenon was discovered while lsegrfor states to include in the
study). Other states use the parole violator status t&eesanditional releases picked up for a
new crime because it saves the court processing Time. to return is also an unreliable
measure because states vary widely in processing timettoning offenders. Some states re-
admit parole violators to prison quickly, while othertasatake longer to officially re-admit
inmates (we will see evidence of this later in the delee data of the states used in the study).
It is possible to use re-admission type and time tometardependent variables, but one must
understand the classification and processing differdnetegeen states in order to do so
effectively. Finally, the main objective of this studyasidentify the reasons people return to
prisonat all rather than the question of when a return occurredthehéhe return was for a new
crime or revocation, or how many times persons dregmed over a set period.

Finally, parole violators may include both technical viotatand persons returned for
new offenses, depending upon the jurisdiction. HoweveM\N@RP data does make this
distinction in the type of return variable. Evenhistdata were available, we know from the
explanatory notes provided by states accompanying submittethdathey have different
classification systems for how a parole violatoresarded within their own systems. While it
would be preferable to make a distinction between neaneéfs and technical violators, that was

not possible for this study.
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Hypotheses

The following hypotheses are based on findings from previesesarch and the
supposition that sanctions and release policies shoulddirauar effects across places, even
though there is some evidence to the contrary. The hygeglere presented under the same
blocks used to summarize the existing literature: individodlaiminal justice factors,
community factors, and public policy factors. Brief exptaones of the underlying assumptions

for each hypothesis are provided.

Individual and Criminal Justice Factors

Hypothesis 1 — Males, minorities, and younger released@small have significantly
higher rates of recidivism compared to females, whéed,older released inmates. This
assumption is consistent with prior research finditiys;study will determine if this effect holds
true for these cohorts and whether it is consistertss states and over time.

Hypothesis 2 — Property offenders will have significahifyher rates of recidivism than
other offender types. This assumption is also comsigtih previous research. This hypothesis
is of particular import given some of the current inites to reserve prison for exclusively
violent offenders and sanction non-violent offender&iwithe community. If fail to reject this
hypothesis we must then consider whether we are willimgtept higher rates of non-violent
crime in exchange for a reduced prison population.

Hypothesis 3 — Previous failure will be correlated withsequent failure. As previously
demonstrated, first releases are generally more suatdssh subsequent releases. We will see
if this holds true even after holding individual, communégd policy factors constant.

Hypothesis 4 — Greater time served will result in lopr@bability of return. Increasing

time served was a conscious policy decision undergfignaption that more time would serve to
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deter future offending. Time served could also be assassagolicy variable, but because it is
commensurate with the offense it was designated amaatijustice domain. The literature on
the relationship between time served and recidivismsan The study will allow us to identify

if there a consistent effect across states andtower

Community Factors

Community measures as a whole are used to measure thenememt to which inmates
return upon release. Rooted in the theory of sociatgisozation these variables are organized
in terms of legitimate opportunity, illegitimate opparity, and urbanization, each of which are
summarized here and discussed in greater detail latiee ichapter.

Hypothesis 5 — The more legitimate opportunities in tmaraunity, the lower the rate of
recidivism. A common theme in previously modeled thearfesocial disorganization is that
stable communities have lower levels of disorganizatime way to operationalize the level of
community organization is by assessing the level ofitegte opportunities available to
residents, which can measured by factors such as lovg leahemployment and high levels of
education and household income. A stable community is hkeitg to provide legal and pro-
social opportunities to a released offender which mayegerinhibit a return to prison.

Hypothesis 6 — The more illegitimate opportunities ¢bmmunity, the higher the rate
of recidivism. Much as legitimate opportunities cathuee recidivism, illegitimate opportunities
are indicators of community instability that may in@eaecidivism. lllegitimate opportunity can
be measured by factors such as the prevalence of undnanaies, female headed households,
and high crime rates. Areas with high levels of suctofs present released offenders with the
peers, lack of supervision, and criminal opportunity that maguage or reinforce behaviors

that increase their probability of returning to prison.
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Hypothesis 7 — Higher levels of urbanization will be etated with higher levels of
recidivism. Finally, and most closely associated wh#hextant social disorganization literature,
is the assumption that the degree of urbanization wétlpilace, which can be measured by
factors such as the minority population, population dengéscent of renters and vacant
housing, impacts recidivism. Urbanization is associatiédu reduced levels of social cohesion,
investment in social norms, and personal attachmehtsd,vahich may serve to exacerbate

community instability and increase recidivism.

State and Public Policy Factors

Hypothesis 8 — Type of release (i.e. discretionary pansdendatory release, or expiration
of sentence - EOS) will have no impact on rategoifdivism. There is already evidence that
we may reject the null for this hypothesis — there agpteabe a difference in recidivism rates
between inmates released through various mechanisms.veligws the Sentencing Project
found in their analysis of recidivism studies condudteth 1995 to 2009 the results are mixed —
sometimes post-custody supervision was found to reduce reaidand other times to increase
it. This hypothesis will serve as a test to see if foelease impacts the likelihood of
recidivism and if there is a consistent effect agq@aces and time while accounting for other
factors correlated with recidivism.

Hypothesis 9 — State will have no significant impactexidivism. In an ideal world, a
return to prison is based on specific behavior of thevishgal and not where one resides. We are
already controlling for type of release, which we ha@nsvaries across places and is a
jurisdictional determination. However, there is angla@ence that jurisdictions also handle
offenders differently in terms of diversion, supervisiand revocation policies. Because we

don’'t have measures for these and other state-spediiy pdferences that likely exist but may

48



be less formalized, the state dummies will provide a génegasure to account for residual
state-level factors comprising a policy climate that cexidlain differences in recidivism
between states.

Hypothesis 10 — Recidivism will decrease between the 1992 anccdf8ts for all
states. Many of the policies introduced in the 1980s and 199@sbased on the belief that
increased likelihood of incarceration, time served, antt@astody supervision would deter
future criminal behavior. Based on this, it is reasondiaediven the sea changes in policy
regimes the recidivism rate would decline if such measwexe successful. At the national
level, we have evidence that the rates seen in the 1994dgidivism study were higher than
those from the 1983 study, but results from all states wggregated together and the studies
were conducted differently, which may account for thipaigy in results. This hypothesis will

test whether a decline in recidivism was achieved aatasss included in the study.

Data

The main data source used to build the research datesétational Corrections
Reporting Program (NCRP), is collected by the Bureawstick Statistics. The NCRP provides
both the individual and state level measures used imtigels, and also provides the county of
conviction, which was used as the location to whichrafées would return following release.
The NCRP data were merged with the variables from tberoheal censuses and the Uniform
Crime Reports on the county variable. Following is golaation of how the states in the study
were identified, how the individual records were linkeéravme from the NCRP data, and what

county level variables were merged into the dataset.
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State-Level Data

Initiated in 1983, the NCRP is comprised of electronic diga from participating states
containing individual level records on all admissions isqgor (A records), releases from prison
(B records) and releases from state parole (C recotdsy) with demographic characteristics,
offense, sentence length, release type, and other afmmcentral for a recidivism study. The
dataset was built by linking together records from the NGR#Ad B records from 1992 to
2002 1t proved to be a challenge to identify states thaihpistently submitted both
admission and release records for over a decade; 2phamhcable reporting over the years and;
3) included core data elements each year. States witi@utquired baseline data were
eliminated from the study.

Participation in the NCRP is voluntary; the numbkstates participating from 1983 to
2002 ranged from 32 to 42. Because the current study focusks olmanges in sentencing and
release policies in the 1990s, 1990 was the initial targedselcohort for the baseline year.
However, inmate identification numbers (inmate IDs$eesial for tracking subsequent
admissions following release, were not collected U912, so the first release cohort year
became 1992° A release cohort for 1999 was also used in order toureabanges, if any, in
both rates of recidivism and the variables associatédlikelihood of recidivism-*

Of the 35 states submitting data for each year from 1992 to R@®2tates submitted

partial records; that is, either admission recordsisoprrelease records. Since both records

12. Much of the code used was adapted Allen Beck’s syntalirtketl NCRP records for his work on
population growth in prisons between 1980 and 1996, whideherously shared (Blumstein and Beck, 1999).

13. In order to include more states, probability matcbimgariables such as date of birth and race could
likely be used to overcome the ID issues.

14. When this study began, 2002 was the most recent degjitzdy for NCRP and a 3-year recidivism
followup was required.
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were required to build the dataset these states elimmatim the study. The next cut,
identifying states submitting uniquely assigned inmate 1Ds,tha largest. Nine states
submitted inmate IDs in the files from 1992 to 2002, but séedfeer instituted a new alpha
numeric scheme over the time period or assigned ammeate 1D to every inmate admitted,
making individual record linking based on ID impossible. Fn#here were some variables
required to generate a basic recidivism model — datetbf ba&ce/ethnicity, date of admission,
admission type, offense, date of release, time searetltype of release. States that did not
include all of these variables were excluded from the study.

In the end, four states met all of the necessary reapeints for inclusion in the study:
California, Michigan, New York, and Pennsylvania. Fortunyatilere is sufficient variation over
the decade in sentencing and release practices amorejetied states to test the effect of
policy on recidivism. Information on the prison popudatisentencing and release policies, and

basic descriptors of the inmate release cohorts &f gate are presented in the next chapter.

Person-Level Data

The core dataset was created by taking the entireaxitrcfrom the release records in
each state for 1992 and 1999, using the inmate ID to find angcpudast record of the same
inmate through admission records, and appending the nelssaimdata record to the release
record. Before data cleaning, there were 124,723 releasagdhe four states in the 1992
cohort and 160,636 releases in the 1999 cohort. A subset oemmas returned more than once
in a single year; as a result programs were run to appafigble returns to the original release
record in order of re-admission date. Multiple returosuored in each state for every year.

California had a handful of inmates coming back five xdisnes in each year, an early
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indication that the California system may be diffétdan other states (see Appendix A for
number of iterations each year by stdte).

Data cleaning included purging deaths, transfers, and escapethi release cohorts, as
these are not releases for the purposes of the stuadyqtla legal release from custody with
opportunity to return). Overall, this reduced the total nunatbeases to 117,340 for the 1992
cohort and 156,061for the 1999 cohort (a decrease of about €8sex in 1992 and 3% in
1999). Once the links between individual inmate releasesetimchs were made, the original id
was destroyed and the case was assigned a new id to ddteeasobability of identifying
individuals in the dataset.

Additional data cleaning was necessary to allow faestamparison, such as recoding
date of birth and race and ethnicity. Finally, since coantycommunity effects on recidivism
are being tested in the study, a threshold of at leasa$s per county was set in order for a
county to be included in the analysis based on the assumtpéat county level measures applied
to groups of fewer than 20 would be unrelialfi&ee Appendix B for listing of counties

removed.

County-Level Data

Various data elements from the Census of Housing and Riopulzere downloaded
from the Census Bureau website by county, which are tesclater in more detail (U.S.

Census Bureau, 1990, 2000). The 1990 and 2000 decennial informatioasamatdy close to

15. While the focus of this study is not frequency of retima jnformation may prove useful for future
research on the characteristics of persons with high-fnregueturns and the wisdom (or limitations) of managing a
prison populations by a revolving door method.

16. Initially, county-level dummies were also going to bedus HLM modeling which was another reason
for the 20 case threshold. However, HLM modeling no longgtle sense with 4 states and preliminary regression
analyses using the state dummies were difficult topnéer Thus, it was decided that the social organizatialesc
would represent county differences.
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the 1992 and 1999 cohorts, respectively, and served as an aggirforiof county

characteristics at the time of each cohort rele@lse.Uniform Crime Reports data on arrests and
crimes by type and county for the years 1990 and 2000 (to mmetqieriods used from the
decennial census data) were also downloaded online and meméakeicbunty dataset. The
county data from the censuses and the UCR crime a@st aneasures are both used to describe
environmental characteristics that could impact the hiveld of recidivism for released inmates.

These variables are discussed in more detail in theseeson.

Variables

The individual, county, and public policy variables culleshi the data sources described

in the foregoing section are detailed below.

Individual Factors

All available variables in the NCRP were downloadedHerrelease cohorts from the
four states and then assessed for usability. Some ghtlables were not used due to data issues
— education, participation in substance abuse treatmegtgms, and prior jail and prison time
variables all proved to be unusable due to missing or incomsée’ Up to three offenses are
collected per individual in the NCRP. The first offenshjch has the greatest sentence length,
was used as the controlling offense. This will obscureesaformation. For instance, a person
convicted of an assault and a drug offense will be clads#fs a violent offender for the assault,

thereby excluding the less serious drug offense from coasiole as a control variable in the

17. The variable for prior time served (a numeric reéed in months) proved to be inconsistent across
states. Some states appeared to be reporting jaisémved prior to transfer to prison for the currentrde, others
appeared to be reporting time served on prior sentemedsthers had no reported value at all. Due to theenatur
these inconsistencies, it was also impracticabtovert the continuous variable to a binary one (ye®nprior
time) because of the uncertaingly whether “prior fimas associated with the current offense, previousngts, or
both.
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model. In addition, the offense of record servedhiasontrolling offense for which an individual
was released, and does not include previous offenses @R loes not collect detailed
information on prior criminal history). This means s@me released for a drug offense may
have a violent conviction in the past, but this inforgrativas not available. While it is tempting
to categorize offenders into general subgroups (i.e. tigeoperty, drug, public order) we must
remember that this category is based on the curremtsaffeith the longest sentence.

The individual attributes included in the full dataseteveex, race/ethnicity, date of
birth, county of conviction, offense, admission tyfa@ge served, and type of release.
Race/ethnicity data were not submitted consistently betate¢es; see Appendix C for a listing
of percent of cases missing race variables by statetddiéferences in systems, it was not
possible to classify inmates by white non-Hispanic, blamkiHispanic, and Hispanic across
states. In addition, Pennsylvania did not submit offense ddt@92 and New York did not
submit time served or admission type variables in 1992. thaaviattributes were divided into
individual characteristics (sex, age, race) and crimirsdice characteristics (offense, time
served) and county of conviction was used to bring in mreasf social disorganization.

Frequency distributions (Table 4) reveal that time skxmaies substantially for first
releases (those entering as new court commitmemg)a@d to re-releases (parole violators).
About half of parole violators serve less than 6 mgrtbmpared to about 10% of new court
commitments. Were we to use a continuous or categonealderved variable with no
adjustment for admission type, these disparities woulsbiseured and introduce error in the
model as result of misspecification (for example rage time served for released offenders in a
state like California with a large proportion of parolelators would be lower compared to that

of states with fewer parole violators exiting prison).
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Table 4. Time Served by Admission Type and Release Year

% released by time served

1992 1999
Time NCs PVs NCs PVs
0—6 months 9.9 47.0 9.8 49.5
6—12 months 34.6 31.2 30.2 27.7
1-2 years 32.6 15.1 29.3 11.2
2-5 years 19.0 5.6 23.0 7.6
5+ years 3.8 1.1 7.7 3.9

Note Total may not add due to rounding. NCs = new court camenmits. PVs = parole violators.

To take into account the difference in time served betwe& court commitments and
parole violators, an adjusted time served variable wagputed. Quintiles of time served by
admission type were produced and then incorporated intavdime served categorical variable.
Cutpoints are displayed in Table 5. Dummies were theatexerom the categorical variable to
represent new time served tiers adjusted for admisgien The impact of this adjustment is
discussed in the next chapter.

Table 5. Adjusting Time Served for Differences by Admissiype

Time served (months)

New court Parole
Quintile commitment  violator
Oto 7.7 Oto 2.7

7.8t0 11.7 2.81t05.0

11.8t0 17.8 5.1t07.8

179t030.4 7.9t012.9
30.5+ 13.0+

absh wnN Bk

Additional variables that could indicate social bonds awbgconomic status, such as
marriage, children, employment, and income were natadle. Education, treatment, and prior
time, all variables requested as part of the NCRP, wsoenat useable. State Departments of

Correction, the source of the NCRP administrativia,dgenerally do not include such
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information in their data systems because this infiionas not core to their mission of safety
and security. Some parole and probation departmentstdblieinformation because it can be
used in risk assessments for supervision classificdiitraccess to these data was not possible

for the study.

County Factors

A variety of county level data elements were extiétem the Census of Population and
Housing and the Uniform Crime Reports to account for canity factors that previous research
indicated may be correlated with crime and recidivisnfulAlist of the variables downloaded
and entered into factor analysis is provided in Appendix D.

These county attributes were used to characterize tied smvironments to which
inmates return. The literature reviewed previously idexatié number of community
characteristics that could affect recidivism. As previpdsscussed, the county variables were
conceptualized into discrete measures to capture diffaspeicts of social disorganization or
community stability: legitimate opportunity, illegitifeopportunity, and urbanization. Each of
these dimensions of social disorganization may to infleesubsequent behavior following
prison, either in a positive or negative manner by reimigror discouraging criminal behaviors
and behaviors that, while not criminal per se, may té@sal revocation because they violate
conditions of post-custody supervision (such as mandatayment attendance, obtaining and
maintaining employment, and avoiding known drug users, teraafew).

Legitimate opportunity is operationalized as factoet tontribute to the ability of an
individual being able to attain a reasonable standardinglihrough legal means. For example,
areas with higher average education and wages and lowgofateemployment would

represent counties with more legitimate (non-crin)in@lportunities for residents, including
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released offenders. Even if the offender and the imamedamily of the offender have lower
levels of education, earnings, and employment thandbaty average, the relative success of
others in the county could increase their own changascaéss through legitimate means, such
as by learning of job leads or educational opportunitiesifiréamily or social connections.

Conversely, there are also factors that may inhibitessssor encourage criminal behavior
— these are characterized as illegitimate opportunikleasures such as the crime rate and the
portion of the population made up of unmarried males and éehedlded households are
examples of factors that can affect involvementrime and subsequent recidivism for released
offenders. High crime rates are indicative of preméibpportunities to commit crime. A high
percent of unmarried males could also increase illgitootunities as unmarried males may be
more likely to be young, have unmarried peers, and have tinteeand opportunity to engage in
criminal behaviors or behaviors that violate parole ¢ants (e.g. alcohol and drug use). As in
previous research, a high prevalence of female-headed loddsé@ha community can be used
as an indicator of lower informal supervision levels.

Law enforcement responses to crime were also includegandy impact opportunity in
ways difficult to predict. For example, areas in whichigdactivity is low-risk due to limited law
enforcement intervention provide more illegitimate opyaities for interested persons. But the
chances of being caught could be higher for released offefatea variety of reasons. They
may be on the radar of police officers due their repelatase. They could fail to pass the regular
drug tests that are a condition of their community supenmvi Even if former offenders intend to
go straight after release, they have to contend wahehlity that legitimate employment may be
elusive due to a criminal record and limited education andriexpe. At the same time, they

may be surrounded by friends and family trying to get them taag& to their old ways.
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The traditional measure of social disorganization rofish used — population density,
racial heterogeneity, and residential mobility — is emtaalized as a measure of urbanization,
the third element of the model that, in conjunctiorhvagitimate and illegitimate opportunities,
can be used to characterize the stability (or instgpoit the environment to which released
inmates return. Places with greater population dereitygh percent of foreign-born residents
and renters, and higher rates of unoccupied housing akeriloge urban and less stable.

Factor analysis was utilized to determine if the vaealwould cluster into uni-
dimensional scales to represent each of these contegtioas of social disorganization. All
variables were standardized prior to factor analysisasaréd either identified in previous
research as appropriate measures of general sociajalhszation or disadvantage or were
believed to be appropriate measures to represent laggtiopportunity, illegitimate opportunity,
urbanization, or law enforcement measures at the céengy Some variables could be
theoretically included in more than one scale. In tlvases, they were entered into both and
ultimately included in the scale in which the loadingsensrperior. Percent black and violent
crime rate, for example, could be operationalized asasure of either illegitimate opportunity
or urbanization; percent black loaded best in the urbanizet®le and the violent crime rate
loaded best with other illegitimate opportunity measures.

Standardized variables were entered into a principapooants analysis without rotation
and the component loadings and Eigenvalues were used te hssewell the individual
measures worked together as a scale measurement. Aéges of iterations that produced
scales with loadings significant in both the 1990 and 208kescthe variables comprising each

of the county scales were identifi&dTable 6 lists the loadings of the final scales fortiegite

18. There is one exception — foreign born loaded well witiérurbanization scale with the 1990 data, but
not with the 2000 data. The variable was used in the &walb®oth years for consistency.
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illegitimate opportunity, and urbanization. For legitimand illegitimate opportunity the
analysis only produced 1 component. A second component wéscein the urbanization
scale for both years that included all the same vagahkid an Eigenvalue of 1.1. The drug
arrest rate per 1,000 county residents did not load signtficin any one scale, but was retained
for use in the regression models to measure the impaaty,ithat local law enforcement
reactions to drug crime may have on recidivism of oféeadeleased into the community.

Thus, community factors in this study are measured mse@f factor-weighted county
scales representing legitimate and illegitmate oppordsrénd urbanization, and by county drug
arrest rates. This approach is a departure from the oboral application of social
disorganization; however, it is hoped that by expanding¢bee of environmental factors
possibly correlated with recidivism, we will be ableb&iter understand how characteristics of

the community impact the likelihood of return to prison.

Public Policy Factors

As previously discussed, the role of public policy in impagtecidivism is complex.
Offenders are subjected to numerous sanctions that rfiesedtially impact their success upon
release. As stated earlier, ideally all offenders wdod treated similarly in accordance with the
specific crime, as well as the nature and length afioal history. We know, however, that this
is not case simply by looking at the many differenoesentencing and release policies used
across the nation. What remains unknown is whethsetpelicy differences have significant
and consistent effects on recidivism across stagt)f individual and community effects. Type
of release is a key policy measure used in this analilsese are also other practices, such as
supervision type, duration, and revocation threshold tiakermp a policy climate but for which

data were unavailable. In an effort to account foraltbEerences, state dummies are used.
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Type of release is an important measure in charactgnmlicy. Persons released by
mandatory statute are all subject to post-custody sigi@nyipersons released by parole boards
are evaluated by a board to assess the preparednessifoy, raed then subject to post-custody
supervision; other persons complete their term andeteased under an expiration of sentence
status without post-custody supervision. While the hypothasekcts no difference in
recidivism between persons released in these variays,w is suspected that the model
outcomes will result in a rejection of the null, icating that there is indeed a difference. We will
also be able to determine if the outcomes are consetenss place and time after controlling
for other correlates.

There are many other policies and practices withimat shat together constitute a policy
climate but are more difficult to measure. Supervisioicigd and requirements, for example,
are not available at the offender level but may weéluence the likelihood of being returned to
prison. For example, parole offices with low tolemtieresholds for technical violations such as
positive drug tests or a missed appointment with an offidéreturn more persons than an
office that only revokes parole for a new offenseaddition, officers with heavy workloads may
not be able to supervise every person with the same @dgmssification systems and risk
assessment tools aid in assigning parolees to differezislef/supervision, but officers may
know additional details about individuals on their caskbat cause them to informally re-
classify their charges and supervise accordingly. The éind resources necessary to pursue
absconders (persons who fail to report following reldasa prison) may not exist, so such
persons may elude revocation in some systems. Alteehatthere may be an emphasis on
locating absconders and other types of violators, lsutdinty jail is already crowded and

officers know the parolee will be re-released withinitsomaking an arrest not worth the time of
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the paperwork involved. These are just a few examplpsagtices at the supervision level that
can affect rates of recidivism.

These underlying activities can have noticeable impactates of recidivism but are
very challenging to measure. Because such practices difiadt to identify and measure in a
consistent way across states, a dummy variable fier silh be used to represent the policy
climate beyond that of release type. Most parole raesregulations stem from the state-level,
so the state dummy may be able to represent some afd@heas in parole practices between
states. By studying the variable coefficients withinhestate over time, we can also see if the
national-level shift in supervision and revocation pcagioccurred consistently or only in some
states. It is also possible that the more severeig®lmay impact different types of offenders
differently. For example, drug offenders may have higatas of return in 1999 simply because
the tolerance for drug violations declined over time. rakgively, perhaps violent offenders
return to prison at higher rates because facilitie®wsswded and bed space was reserved for
the biggest public safety threats. By looking at outcoaeesss the various correlates we may be

able to offer theories about the underlying policies at work.

Limitations in the Data

Measures for individual, community, and public policy chteastics have been
identified for inclusion in the recidivism model. Befoxe proceed, however, it is important to
consider the limitations in the data and the approdcs$t, Ehere are limitations in using the
administrative records. Related to this issue is the @noblf missing data that may result in
inconsistent measurement across jurisdictions, partigd@arindividual level characteristics.
Second, the model necessarily assumes that counsuifi@ent representation of community

and that released offenders return to the county in vithejhwere convicted. Third, the NCRP
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only allows the tracking of those offenders reincarestat the same state. Finally, a focus on
return to prison excludes persons who may re-offend, bataxe not arrested, convicted, or may
be sentenced to community supervision or held in lodalrgther than sent to state prison.

Weis (1986) states official criminal records of criminahdeor are one of the most
reliable of methods in measuring criminal behavior, buhawledges problems with official
records include varying police practices and laws, chamgesording practices, and incomplete
records (Weis, 1986). Many of these are minimized by thaitlefis imposed by BJS to
streamline the data collected, but inconsistenciesireM#éen core data elements were
completely missing or unreliable, the state was excluded the study. Still, there are some
remaining data issues with the final four states. Pennsglvhdinot submit offense data for the
1992 cohort. About a third of race data and all of the tieneesl and admission type data for
New York was missing in 1992, and Hispanic origin was utalvai for most cases in both
Michigan cohorts and the majority of Pennsylvania ca&ppdndix table C). While there are a
sufficient number of cases to conduct analysis, tlssing data may affect the model outcomes
and must be considered in interpreting the results.

The study assumes that the released prisoner retutmes ¢couinty of conviction. Inmates
under supervision are required to check in with the locallparffice and keep their officer
apprised of their address, employment, and treatment — limayfamily member or friend as
the contact address upon release as family, friendsshaldden can provide a support network
for housing, financial aid, and employment. The assumphianpersons return to the county
from whence they came is supported by findings from thaJhbstitute (2008). Overall,
released prisoners tend to return to certain citiesuah state upon release and these same cities

are the source of the majority of admissions. Hb#flloprisoners released in lllinois and
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Maryland in 2001 returned to Chicago and Baltimore, respegtiialer et al., 2006). Houston
was home again to a quarter of prisoners released irs,;Taxd 2 of New Jersey’s 21 counties
re-welcomed a third of released state prisoners (Badr, 2006). Further, offenders tend to
return to where they have family, which is most likeybe from whence they came — most
prisoners in Maryland (80%) and lllinois (88%) were livinghwa family member two months
after their release (Urban, 2008). In terms of mobijugt over a quarter of released prisoners in
Chicago moved at least once in the two years followétgpnse; but the average distance was
only 2.8 miles away from their initial address (LaVigme Parthasarathy, 2005). While such
moves were often to different census tract (92%) or neigiftmd (75%), they still resided in the
same county (Urban, 2005). Finally, there is precedeniderof county of conviction as a
measure to place persons following release from prisols¢wWi2005).

The assumption that inmates return to the county intwthiey were sentenced also has
implications for the accuracy of the recidivism measum the case of a released inmate moving
to another county, a reentry to state prison wouldlstitaptured in the data through the
assigned state inmate ID. Those who are re-committadather state will go undetected
through this data collection; according to a national leetivism study by Langan and Levin
(2002) about 1 in 8 of the 1994 release cohort were reatnest¢her states. Of these, a portion
would have been re-incarcerated. Thus, while the curreasetaioes have some potential
slippage in the detection of readmission to prisony#st majority of those coming back are
accounted for in the data.

Finally, the study's focus on re-imprisonment rathentlearrests or reconvictions uses a
higher bar than some previous studies in defining recidividaltz (1984) would likely add that

success should be based on positive accomplishmenrgs tiagéin the absence of negative
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findings, particularly since it is not clear that thagho have not reentered the criminal justice
system have actually ceased criminal activity—perhapsjtis¢got better at avoiding detection.
However, the goal of this research is to reduce therppspulation by identifying factors which
impact the likelihood of return to prison, so definingideesm as a subsequent admission to
state prison is appropriate; if one were measuring pubktysafstead, subsequent crime

commission or arrest would be a more appropriate measure

Statistical Methods

The objective of the analysis is to identify somehef factors that impact recidivism of
persons released from state prison, and determine wlibéser influences are consistent across
several states and over time. These factors havediessified into individual, personal,
community, and policy attributes. The effects of eadchobf variables on the probability of
return to prison will be assessed while holding constenetfects of the other blocks of
variables. In addition, we are interested in identifytimg interaction among these categories of
variables. We want to know if specific types of inmates more likely to return under specific
policies than others. Finally, we want to see if theféects are different among states and over
time.

The models tested in the next chapter are first ranseries of linear logistic regressions
as “pooled” models that aggregate all states by cohortgeketermine the overall effect of
variable blocks and identify changes over time. This appredltalso demonstrate whether the
state dummy variables, which represent the underlying poiimatd in each state, are
significant. State and time-specific models are alsimaged to see if the effects of individual
and community attributes and release type vary across atad over time. Then logistic

regressions are run by state and cohort since it is likalyrecidivism is not a linear function.
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While much empirical research has been conducted irrélaecd recidivism, the
simplistic approach of using a handful of individual attrédsu¢or none at all, as in the recent Pew
study) to control for recidivism rates persists. Thdtrfiaceted model used here offers an
integrated, comprehensive model that allows for individuwahraunity and public policy
effects. By controlling simultaneously for these vialeablocks, this study aims to improve what

we know about why so many offenders come back.
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CHAPTER 4

RESULTS

In this chapter the release cohorts are generally idbedan terms of the variable blocks
in the model — individual characteristics, criminal justaetors, and public policy factors (type
of release) — as well as by state and ye®Ve provide basic descriptive information on the
variables in the models. The univariated distributioespaesented as well as the simple
bivariate relationships between the predictor variablesesidivism so that we may include
these variables appropriately in the model and better uaddrthe multivariate results. The
multivariate models will be estimated with the lineavhability models first to identify
collinearity problems and the relative contribution afiable blocks. Logistic regression models
will be presented last to provide the coefficients andceffizes for individual variables in the
models.

Multi-variate models will be estimated first with podldata from all of the states for
each of the two time periods, 1992 and 1999, in order to absesdative contributions of the
variable blocks and the stability of these contributiover time. State specific models will then
be estimated to determine if the effects of predictoalées differ across policy environments.
A final model will be run using the data pooled across statdgime to obtain a formal test of

the effects of time or epoch on the probability afidezism while holding other factors constant.

Descriptive Data

The descriptive data are provided in two parts: the predietaahles used in the models

and the rates of recidivism without controlling for amaracteristics.

19. Community characteristics are not assessed aitiedesvel in the descriptive statistics, as these are
more appropriately attached to the individuals releaHeel average score on a social disorganization scat# is
very useful in the aggregate because it obscures théeaf@tween counties.

67



Predictor Variables

Based on the data reported from the National PrisBtagistics the cases included in the
dataset represent approximately 30% of offenders releatedally in 1992 and 1999 (Bureau
of Justice Statistics). California cases represeniatigest share of releases included in the
dataset in 1992 (65%) and 1999 (71%), followed by New York (20% andréépectively),
Michigan (about 8% each cohort year), and Pennsylvania (6Bocedort year). Gender
distributions varied slightly among states, with a higimdle population representation in the
1999 California cohort of 10% and low of 6% in the 1999 Pennsyweothort (Table 7). The
female representation of an average 8% in the two ekarts is slightly above the national
average of the 6.6% in the stock population in 1999 (Beck,)2000

In 1999 the racial distribution of the standing inmate pdjauldor the nation was 33%
white, 46% black, 18% Hispanic, and 3.4% other (Beck, 2000). Thestat@s in the study
illustrate how the racial distribution can vary salpgially across states, but this should be
viewed with caution due to the missing data problem with rabew York and Hispanic origin
in Michigan and Pennsylvania — Hispanics are likely alsaded in the white and black race
classifications for these states (see Appendix tapld i@ data show California and New York
released the greatest proportion of Hispanics in 1992 and b88%een one-fourth and one-
third of the exiting cohorts) while over half of reledsemates in Michigan and Pennsylvania
were black. California had the highest proportion of wieleases. The other three states had
much higher proportions of black releases than Califowtidle New York had the lowest
percentage of white releases (about half that of ther stites).

The mean age of release did not vary much across Istéitéid increase an average of
two years for all four states between the 1992 and 1999 Caiifornia and Pennsylvania

releasing the oldest average population (a mean agtease of 35 years old). The proportion of
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youngest inmates, those under 20 years old, decreasedr@iethse cohorts between 1992 and
1999 with the exception of California. New York experightige most significant decline in
young inmates released from 4.2% in 1992 to 2.3% in 1999 (thid beuwdue to a number of
factors, including an increase in time served or irggdaliversion of young offenders to
probation or the juvenile system). About one-third eftbleased population in each state was
between 35 and 44 years of age by 1999. At the same timeseélenmates aged 45-54 years
increased in all four states between 1992 and 1999 in Califdfdichigan, and New York (an
average of 6% of the released population to about 12%).

Criminal justice variables also varied by state (TableA8)mission type for offenders in
the 1992 and 1999 cohorts shifted during the decade. In 1992 the madept type of initial
admission for the exiting cohort, with the exceptidCalifornia, was new court commitments,
accounting for about two-thirds of admissions in Michigad Pennsylvania. This is consistent
with the national trend — about 70% of all state prisdmissions in 1990 were new court
commitments, dropping to 60% by 1999 (Beck, Karberg, and Harr&i02). As new court
commitments declined, state prison admissions throughepaabcations increased across the
board, from 29% in 1990 to 35% in 1999 (Beck et al., 2002). This tsealdo consistent in
the exit cohorts, but there was variation betweerestdiwo-thirds of admissions in California
were parole violators by 1999, compared to roughly one-thirdrofssions in the other three
states.

Type of offense for the exiting cohorts was largely &iast between states — overall,
about one-quarter of the released inmates served tingeviotent offense, one-third for property

offenses, and one-third for drug offenses. There were adéable differences between states,
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however. About 4 in 10 Pennsylvania releases in 1999 weenvioffenders (offense data for
1992 were not reported), higher than in other states. @ffegders released over the decade
increased in California and New York; over a third ofifdahia releases and nearly half of New
York releases were drug offenders in 1999. Concomitantypeguty offenders declined as a
proportion of releases over time in California, Michigand New York.

Time served estimates are based on all admission typesntify aggregate level
differences between states (the adjusted time seawgbles that account for new court
commitment or parole violator status are discussedlghoithe bivariate table). There was
some variation in time served by the exiting cohortsrayribe states in the study. California had
much shorter time served than any other state witeanrof 12.4 months, while other states
vary between 23 and 32 months (except for Pennsylvania in 199@ wiean time served of 61
months). California remained constant, Michigan increaserage time served by 6 months,
and Pennsylvania increased by 37 moftidew York was the only state with a decline in
average time served over the period (2 months), likelyatis due to the increase in drug
offenders released in 1999. Not only did California offenderse less time, over one-third
(38%) of the 1999 cohort served less than 6 months, compa2d@ai New York, 13% in
Michigan, and 7% in Pennsylvania. By time served without apist for admission type, the
mean time served decreases, particularly in Califorrhiasd differences reflect in part the
choices by the state systems in offender sentencihgedease policies and population

management strategies.

20. This substantial change between 1992 and 1999 in Pennsylrgeerified using data reported in the
Annual Statistical Report issued by the Pennsylvania frapat of Corrections (Emory and Lategan, 1999). This
increase may be due to the of the 1999 release cohrartiwéent offenders, who serve longer than other offende

types.
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As previously discussed, release type changed through the N#@mally, the trend
moved away from parole board releases toward manddsaityesreleases. Between 1990 and
1999, parole board releases decreased from 39% to 24%, whiletorsupdaole releases
increased from 29% to 41% (Hughes, Wilson, and Beck, 2001). Aathe time prisoners
serving their entire terms (maxing out and released by ElD®w post-custody supervision)
increased from 13% in 1992 to 18% in 1999 (Hughes et al., 2002). Tée isiduded here
provide variation in release types utilized. Californimaeed consistent through the decade,
releasing 98% of their population by mandatory release. Xak increased the use of
mandatory release, but parole boards remained the ne@seemechanism. Meanwhile, EOS
releases increased in Michigan and Pennsylvania through the 1f980sal state control
(release type and subsequent supervision) affects rermjithhere should be significantly

different rates of return between states.

Recidivism

The basic rates of recidivism without controlling &wher variables in the model
demonstrate that there is significant variation ianeg to prison between states (Figure 6).
California had the highest rate of return for both1882 and 1999 release cohorts (over 60% of
releases were returned to state prison within 3 yeagahdylvania had the lowest rate of return
in 1999 (around one-third of releases came back within jlaaes), followed by New York and
Michigan (38% and 41%, respectively).

Although time to return is not used as a dependent vairabhe recidivism modeling, it
is a useful analytic in comparing how the states nigrdn terms of post-custody supervision
and revocation/new offense processing. Overall, Caldonmates come back more quickly

compared to inmates released in Michigan, New York, and$3#vania (Table 9). Nearly 40%
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of inmates coming back in California returned witBi months, most likely a reflection of the
high parole violator portion of the population ahd catch-and-release policy utilized to manage
the correctional population. The other states endfudy do not display increases in recidivism
until the 6-12 month and the 1-2 year period. lintkely that offenders from these states take
notably longer to re-offend or violate parole thhaose in California. More likely is that

offenders in other states are processed differ¢stigh as being formally processed for new
charges, longer terms in jail before return togrjsand violating several times before revocation

occurs). Recall that this is why we didn’t use titmeeturn as a dependent variable.
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Figure 6. Percent of inmates returned to prisohiwi8 years, by release year and state.

We can begin to decompose why recidivism diffetsvben states by looking at the
bivariate relationships between recidivism by sfi@characteristics of inmates and policies.
Bivariate tables 10a and 10b compare recidivismsry individual characteristics, criminal
justice characteristics and community measurese$liahve higher rates of return than females
across all states and both sexes came back at mgghe in 1999 compared to 1992, excepting
males in the 1999 Pennsylvania cohort. Overallif@ala females (over half) were more than

twice as likely to return to prison compared to &®s in New York and Pennsylvania.
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Returns by race showed some consistency across sBlées inmates had higher rates
of return than other race groups in all states, whilaiffierences in recidivism within races
persisted across states. Hispanics released in 1999 welkddsthan those released in 1992 to
return in both California and Michigan. California had thighest rate of return for all races.
Overall, 6 in 10 whites in California were returned comgdoehalf that in the other states.

The magnitude of recidivism by age varied between stategverall offenders under 20
had the highest rates of return, with declines in r@atesffenders aged, most notably in releases
aged 45 and older. Again, differences in recidivism ratesss states persisted within age
groups. Return rates for those older than 55 in CalifdB8%&0 to 47%), however, were similar
to the highest rates or return for the other threestat

Consistent with extant literature, parole violatotsimeed at higher rates than new court
commitments in every state, again excepting the 1999 Peansylcohort. The differences in
recidivism rates across states were reasonably cemsithin type of admission with a slightly
greater variation between years for the new court doments. Property offenders had the
highest rate of return among offense types in New ok Michigan, but were slightly
exceeded by the “other” offense category in Californid Bennsylvania.

We begin to see the nuances in the time served oakanross states and over time
because time served is presented both in terms of amg@vamong all admission types and the
adjusted time served variables that account for therdiftial time served between new court
commitments and parole violators. When looking at avetiageserved among all offenders,
California releases serving less than 6 months appeetuia most frequently. These short-
timers also have high return rates in Michigan and NewkYThe relationship between time

served and recidivism generally appears to be negative—aseimed increases recidivism
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decreases. However, once time served is adjusted enbatethe relationship is generally
curvilinear with the highest recidivism rates in thedlguartile of the time served distribution.
New court commitments serving approximately 12 to 18 monttigarole violators serving
approximately 5 to 8 months have the highest rate of réagain, in all but the 1999
Pennsylvania cohort). About 7 in 10 of California offersdierthe third time-served quintile
come back to prison. Modifying the time-served variable toaat for admission type sheds a
different light on the variation in recidivism ratand should prove useful in later modeling.
Table 10b provides recidivism rates by release type andhooity factor scales for each
state and release cohort. Absent of other factoess lippears to be little difference between
rates of return among releases by mandatory statuteaaolk boards in states other than
California. There is a substantial difference betwt® recidivism rates of parole board and
mandatory releases in California. Overall, EOS reledared best in terms of return to prison,
varying from 1% in the 1992 Pennsylvania cohort to 26% in the 199Rid\ic cohort.
Community scales were recoded into quartiles for the pagpofthe bivariate table to
standardize scores across states. Quartiles weteanesing scores across all counties among
the four state&' As in other measures, California is different thae other 3 states in terms of
rate of return. There is some variation within stateng return rates by quartile for the three
scales, but no consistent trend (e.g. as the scalaigp#ee recidivism rate always goes up).
Judging by these outcomes, levels of opportunity and urliamzaithin a community do not

appear to have notable differential impacts on the likeld of return.

21. One could create quartiles for each state based oauhty scores for that state as well. This was
considered, but not implemented because one of the jpgrpbthis study is to standardize common variables
among states (as we did for time served).
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In sum, states vary substantially in their crudedig@m rates with California having by far the
highest rates. States also vary in the demographic caiopasf their populations with New
York having a much higher proportion of minorities ieithrelease cohorts than other states. The
composition of state release cohorts differs motenms of their criminal justice characteristics.
NewYork, for example, has a greater proportion of drdgnoliers than other states. Average
time served is much lower in California than otherestaaind the proportion of release
previously failing at supervision is much higher there as well

The relationship between attributes of release colamdgecidivism are largely
consistent with what we would expect from the liter@attMen are more likely to recidivate than
women, blacks more than other races, property offemders than other offender types, and
parole violators more than new court commitments.

The curvilinear nature of the adjusted time served vasakées not expected; we will see
how this bears out in the fuller models. In the follogvsection, multivariate models
incorporating individual factors, criminal justice factasmmunity factors, and public policy
controls (release type) will be applied — first to dggregate data, and then to specific states — to

determine if they assist in explaining these differemecescidivism across states and over time.

Identifying the Best-Fit Models

Modeling was carried out in steps, the first of which pddhe state data by release
cohort and entered each block of variables iterativety various combinations of linear
regression models with a three-year return as the depemariable. The linear probability
model results were used to a) identify collinearity lestvvariables and scales and b) assess the
impact of the state dummies to detect an underlying difterenpolicy climate. Aggregate

models were also run without California to identify wiee California cases, which comprised
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much of the dataset and are overwhelmingly comprisedaoidatory releases, were driving the
results and obscuring the policy climate effects ofbtier states. Variable blocks were
modified to account for collinearity and then used indtigiregressions by state and release
cohort to identify differential impacts. Results frolne binary logistical regressions by state are
summarized separately by fit and notable predictorsfiaabstate models are compared and

contrasted.

Linear Regression Results

The linear regression models were estimated with dategpédo@m all four states, then
with the pooled data from just Michigan, New York, and Pemasya to determine whether the
amount of the variance explained changed after takin@alifornia. This was done because
California accounts for so much of the pooled sample as&doupon the descriptive statistics
and bivariate data, is markedly different from the ostates. Table 11 provides a summary of
the variables initially included in each block for the #ineegressions.

Before describing the overall model fit for the aggregataids and whether effects
changed when California cases were removed, the coltinésues between variables in the
model must be addressed (Table 12). When models were tualirstates, several collinearity
issues appeared.

The first issue of collinearity arose between the nidadion and opportunity scales.
lllegitimate opportunity was not collinear with urbanipatiand legitimate opportunity in the
1992 4-state models, but it was in the 3-state models @i for illegitimate opportunity of
7.6 and 11.7, respectively). In order to keep the modelsstensbver time, we decided that
collinearity in either period was unacceptable. Of theetBtdsequent variations run to identify

the scales that were most independent of one andgbémnate opportunity and urbanization
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did best in terms of tolerance and VIF scores. Thiggjitimate opportunity was removed from

the county scale measurement blétk.

Table 11. Key to Variable Blocks

Block name Variables included in blocks
State (as » Used in the aggregate linear regression models only.
measure of » Dummies for Michigan, New York, and Pennsylvania (refegenc

policy climate)

Individual
characteristics

(ID)

Criminal justice
demographics
(CJD)

County factors
(CR)*

Public policy
controls (PPC)

category is California).
State models were also run without California (refezezategory is New
York).

Dummies for male, black, Hispanic, other race (refereategories are
women, whites).

Age of first release in categories (reference categagieases under 25
years old).

Offense type dummies (reference category is violenheée
Admission type dummies (reference category is newt @mmitment).
Adjusted time served dummies (reference category is Quartihe
shortest stay group).

Legitimate opportunitymedian household income, percent adults
unemployed, percent of households with public assistacoenie,
percent of adults with high school degree or higher, pexfe
households in poverty.

lllegitimate opportunityviolent crime rate, percent unmarried males,
percent single mother househdlds

Urbanization percent black, percent foreign born, percent speaking
English as home, percent renters, percent using publispatation to
work, percent occupied housing, population per square mile.

Drug arrests per 1,000 county resid&nts

Dummies for parole board release, expiration of seeateelease,
mandatory parole release (mandatory parole releasesfeasnce
variable in aggregate models and California models; pacaedlrelease
was the reference category in Michigan, New York, and Perarsgl
models).

% lllegitimate opportunity and drug arrest variablesexeluded in subsequent models due to collinearity with other

variables identified in the linear regressions, shimmext table.

22. In retrospect it makes sense that illegitimate oppitytwould be related to legitimate opportunity and
urbanization. A place with a high score on the illegitengpportunity scale would likely score low on the legiie
opportunity scale and high on the urbanization scale.
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County drug arrest rate was collinear with urbanizatidhen3-state models for both
1992 and 1999. This is likely because urban areas are moe#yalasnitored for drug activity
transactions that occur on the street. Because thaiadtion scale includes the conventional
measures of social disorganization applicable to a marage of economic crime and not simply
drug offenses, the urbanization scale was retained artubearrest variable was dropped.

The linear probability models shown in Table 13 presenianvae explained when
specific blocks of variables were included and excluded ffr@amriodels. The greater the amount
of variance attributable to a specific block of varialbléen other factors are held constant, the
more important those variables are for explaining reisidi. Although specific models are
better examined using the final models presented latbeifogistical regressions, the linear
models offer a preliminary and easily interpretable iation of the predictive power of each
variable block on recidivism and highlight the differebet#ween California and the other four
states.

State dummies and release type (PPC) are both strongtpredicthe 4-state regressions
when modeled separately, but when they are both includig imodel, the state dummies add
little predictive power to the model. Release type sdemascount for much of the differences in
recidivism across states. Once California is remoratie 3-state model, the state dummies
have little to no impact when modeled alone. This hasitwplications — that there may be some
residual policy effects brought to bear on the 4-state hwdzgalifornia beyond the impact of
mandatory release and that policy climate as measurdelsgate dummies in the 3-state model
adds little to the policy influence already accountediorelease type. This is also consistent
with the recidivism distributions presented earlieralifGrnia releases are more likely to return

compared to the other three states, which have morparabile rates. Overall, method of
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Table 13. R-Squares for Linear Regression Models for Aggesfates, by Release Year

R2 for 3-year return

a b
Model CA, MI, NY, PA MI, NY, PA
number Variable blocks entered 1992 1999 1992 1999
1 State 0.052 0.057 0.000 0.006
2 Individual demographics (1D) 0.013 0.021 0.023 0.014
3 Criminal justice demographics (CSD) 0.064 0.042 0.017 0.022
4 ID/CJID 0.078 0.058 0.040 0.035
5 Community factors (CF) 0.004 0.005 0.000 0.001
6 Public policy control (PPC) 0.065 0.077 0.010 0.037
7 State/PPC 0.069 0.085 0.011 0.039
8 State/ID/CJID/CF 0.105 0.107 0.041 0.040
9 ID/CID/PPC 0.126 0.135 0.053 0.082
10 ID/CID/PPCICF 0.126 0.136 0.054 0.082

Note Reference categories are females, whites, undera2s gl at release, violent offenders, new court
commitment admissions, first quintile of adjusted timeesg(shortest stays), and parole board releases.

& CA is reference category.

P NY is reference category.

°ID (individual demographics) - sex, race/ethnicity, age.

4 CJID (criminal justice demographics) - offense, typadshission, and adjusted time served.
¢ CF (community factors) - legitimate opportunity anHaumization scales.

"PPC (public policy controls) - release type.

release evidently makes a difference in the probalofirgturning to prison (though this effect is
relatively weak in the 3-state model for 1992). This mag henction of the type of inmate that
is released in a particular way rather than the seleaode itself; the multivariate models will
separate these effects.

The criminal justice demographic (CJD) variable block hasibalf the predictive
power of release type in the 4-state models. The ditminént of the criminal justice block in the
3-state models again indicate a California effect, gertiaat revocations are associated with

specific types of offenders. Individual demographic (ID)rabteristics of inmates trail criminal
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justice demographics in terms of predictive power insihgle block 4-state models; but are
more predictive in the 3-state models once Califomi@imoved, indicating that sex, age, race
are better predictors of return than offense typeasdhurisdictions. This is consistent with the
bivariate distributions that states, and especially @ali&, differed more in the criminal justice
characteristics of the release cohorts and theteftd¢hese characteristics on recidivism.
Community factors appear to have a very limited effedthe probability of recidivism in the 4-
state models and virtually no effect in the 3-state nsdel

When multiple blocks of variables are entered intonloelels simultaneously, we see
that those variables that affect recidivism in tingle block models generally retain independent
predictive power. Adding blocks of variables increasestidty to predict recidivism
indicating that the effects of the blocks are additivét iadependent. In the single block 4-state
models in 1992, for example, individual characteristicoant for 1.3% of the variance,
criminal justice demographics 6.4% while the model includingy béicks accounts for 7.8% of
the variance.

The best fit model for the 4-state data includes thevithdal demographics block, the
criminal justice demographics block, and the public policy bltle& community factors don't
add any power). The CJD block explains about the same ambwariance as the PPC block.
This was determined by comparing thef@& the best fit model to the’for the model
excluding the other blocks one at a time. In the 1999 moldelsriportance of public policy
variables increased to become the most consequerftiaD{H) followed by criminal justice
variables (B=.037) and demographic variable$£R021).

With the 3-state data, the best fit model includes thirislual demographics block, the

criminal justice demographics block, the public policy block &edstate dummies, but the
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difference in the R squared between the model with laadnbdel without the state dummies is
not statistically significant. With California out tfe analysis, the influence of public policy and
criminal justice variables declines such that all threeks of variables have about equal
importance in predicting recidivism in the 1992 model (PRC3..ID=.023, CJD=.017). Inthe
1999 models, public policy variables are stronger predictaescifivism (R=.047) than either
criminal justice (R=.014) or individual demographics ¥R021).

Over time the models that exclude California are becomioige like the models using
the 4-state data. This is consistent with the descriptafastics that showed the other states
adopting mandatory release and decreasing the use otidisarg parole between 1992 and
1999. Recall that Michigan, for example, went from 0% mamglatleases to 5% and from 93%
parole board releases to 84%. New York went from 13% ntarydeeleases to 28% and from
84% parole board releases to 64%. The variance in redeastices increased over time in New
York, Michigan, and Pennsylvania and these practices maydféacted the probability of
recidivism.

The relative importance of release practices in ptiagicecidivism may reflect the
selection of higher or lower risk inmates for reled®ath parole boards and mandatory release
practices subject inmates to some kind of risk assesstherdifference is that for parole boards
this assessment affects whether a person is reledsledrisk assessments in mandatory releases
are most likely used to determine supervision level in ¢mensunity. If the parole board
assessment prior to release is a better predictaskpfthen recidivism should go up as the use of
parole boards declines. The effects of release type ataddeflect differences in supervision
regimes for different classes of inmates. Those selkshrough EOS, for example, may not

recidivate because they are not supervised in the cortynuas a result their re-offending
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either may not be detected or they may not have fapeonditions imposed on their behavior
that leaves them vulnerable to revocation, such asaredulg use screenings. Presumably, the
differential risk of persons released is mediated byiding demographic and criminal justice
demographics in the models which would suggest that diffetgr@rvision regimes account for
these effects.

The fact that state dummies added little or nothing toxpeatory power of the 3 or
the 4 states models once release type was added to dieésuggests that the effects of policy
climate on the probability of recidivism are not gréatthe aggregate the effects of policy
climate may not occur in isolation, but in interantiwith other factors affecting recidivism.
These interactions will be assessed in the statefisp@odels.

The linear probability models served two purposes imtbdel-building process: to
identify collinearity issues (resulting in the omissadrthe illegitimate opportunity scale and
county arrest rate variable in later modeling) and to ahsinate that California is clearly
different from the other states. Subsequent state madleidentify if differences between the

other three states are being obscured in the pooled 3 stdtss.

Logistic Regression Results

Binary logistic regressions were run for the 4-statk Zstate blocks to reinforce the
results described above and yielded similar resultsskightly higher predictive power across
the various blocks (Appendix E). Logistic regressions wega run by state, variable block, and
release cohort to identify a final model with which tompare recidivism by state. First, the
Nagelkerke results, which are the functional equivaé® results for logistic regression, are
presented for each state by variable block and releaseTyear notable changes in the direction

and magnitude of the coefficients and changes in the pipalbirecidivism given certain
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characteristics are summarized over the iterativdatsdoy state. Final models by state are

compared later in the chapter.

Overall Variance Explained by Variable Block

The results of the variable blocks in the logistic esgions are consistent with the pooled
state models, but there are also some notable diffesehat come to light by separating the
analysis by state (Table 14). The best fit model in statie includes the public policy variables,
the criminal justice demographics and the individual demogtapiihe contribution of the
community scales varies somewhat across statesebaotitribution is slight in all cases. As
before, the contribution of each block of variabledeégermined by the difference in pseudd R
between the best fit model and the model with thealsdeiblock in question removed.

In California in 1992 recidivism is related to method déase and criminal justice
demographics in about equal measure (Psuéd®RL v .052) followed by individual
demographics (.033). In the California model for 1999, the publicypeariables account for
6.2% of the pseudo & followed by individual demographics (5.8%) and criminal jtesti
demographics (2.3). Overall, the pseuddsRl3.7% and 14.8% in California in the 1992 and
1999 cohorts, respectively, in the best fit model.

In New York recidivism is most strongly predictedli®92 by individual demographics
(Psuedo R=3.1%) followed by criminal justice demographics (1.3%) 3pe bf release
(1.4%); once again virtually no impact from the sociabdianization scales. In the 1999 model,
the criminal justice demographic variables have the mesligitve power (4.1%) followed by
the public policy block (2.3%) and individual demographics (2.W4i¢h have essentially

similar effects on recidivism. The importance of puplaticy variables increased over time. The
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full models were weakest in New York, accounting for dnB2 of variance in 1992 and 8.5%
in 1999. Results in California and New York are relativansistent over both release cohorts.

Michigan and Pennsylvania, however, show a similar shitheé factors associated with
recidivism between cohorts. For offenders relead®@? in Michigan, criminal justice factors
were the strongest predictors of return (6.7%), followethdividual demographics (3.1%).
Social disorganization (at .1%) and release type (&@Miributed very little to the model. By
1999, criminal, justice remained strong (5.1%) and the poWwelease type increased (4.3%),
followed by individual demographics and social disorganizgf@o®% and 1.9% respectively).
There appears to a shift in policy between 1992 and 1999 in wdaahivism became more
closely tied with release policy. Overall, 10.8% of dliféerence in return to prison was
explained in 1992 and 12.7% in 1999 for Michiganders.

Pennsylvania is a bit more difficult to interpret due todihession of offense data in
1992 and the spike in time served in the 1999 cohort (see g gmeviously). Release type,
however, was a driving factor in the probability of ratin both release cohorts, accounting for
7.2% of the variance in recidivism in 1992 and 23.3% in 1999\(Wattempt to address this
disparity later). Individual demographics account for 5.X%me variance in return in 1992 and
1.4% in 1999. Interestingly, criminal justice factors remaisi@ble, despite the missing offense
data in 1992 and the increase in average times served b§38ecohort. Social disorganization
scales had a marginal impact (.9%) in 1992 and t in 1999 (.8%)all) the pseudo-Rfor the
Pennsylvania model in 1992 is 13.4% and 25.5% in 1999.

These results bring to light several points. Firsticgolariables in the form of release
type appear to influence likelihood of return, but withetdint impacts across states and over

time. Second, demographic and criminal justice factore kawying impacts across states.
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Finally, social disorganization effects appear to be nioatdsest. We will now examine the
individual state models in greater detail to better utdedsthe relationships between variables.
Unless otherwise stated, the statistical comparisonsmate between the final models for each

cohort year (Model 7).

California (See Appendices F-1 and F-2)

Overall, nearly all variables are significant in talifornia models, likely in part due to
the sheer volume of cases. Individual and criminal jastemographics are consistent across
models and within year, but there are some changes beexi@ohorts. Hispanics were less
likely than whites to return in both exit cohorts, witleagper disparities in 1999 (Wald = 140 in
the 1992 and Wald = 1,379 in 1999). Among offense types, effecitraagjest for property
offenders across both cohorts (Wald = 149 in 1992 and Wak#ian 1999), consistent with
previous research. However, the impact of offense typeddivism is small in comparison to
individual demographics, and admission and release type Jenved had modest effects on
return that changed over the two exit cohorts. Thesargy more time were less likely to return
compared to the short stays of quintile one releas#892, but more likely to return in 1999,
though all time served effects were modest. Failing preljiauss the strongest predictor of
subsequent failure in terms of the Wald statistic (Wakj435 in 1992 and 1,288 in 1999), but
mandatory releases had by far the largest impact in t&frthe coefficient (5.1 in 1992 and 5.9
in 1999 compared to .861 and .580, respectively, for parole wisladhile other factors, such
as being Hispanic or a drug offender, may diminish tkedihood, a mandatory release, holding
other factors constant, is in effect a temporaryasae This is consistent with the general

characterization of California as using a revolving dodicp@o manage the prison population.
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The urbanization and legitimate opportunity scales hadadl sggative effect for both
cohorts when modeled alone, diminishing further in tieiodel but nonetheless remaining
significant for all but legitimate opportunity in 1992. Matiscussion of all outcomes is

forthcoming in the final model comparisons.

Michigan (See Appendices G-1 and G-2)

Significance among variables in the Michigan models @ss prevalent compared to
California and outcomes in terms of coefficients anddvggatistics were less remarkable
overall. Among individual demographics, being male or blackeiased the likelihood of
recidivism, and Hispanics were less likely to returrh@igh this effect is mild as indicated by
the low Wald statistic in both years). The strongestlictor of success was for offenders older
than 45 years at release. As in California, propergnaliérs were more likely to return
compared to violent offenders. Drug offenders were sigmifig less likely than violent
offenders to return from the 1992 cohort, but slightlyendely in 1999 (though not
significant). Parole violators were also more likelyaturn than new court commitments (Wald
=211in 1992 and Wald = 140 in 1999), but coefficients were mod&& &nd .552). Those
serving more time were slightly more likely to retunarn the short-stay offenders in both
cohorts, but were of little note in 1992 and only statdly significant for quintiles 3 through 5
in 1999.

Persons released through EOS were significantly lesly lihan parole board releases to
return among the 1992 cohort and 1999, with increasing effeetdlm cohorts (coefficient of -
.0798 in 1992 and -1.39 in 1999 and similar increases in the WaglistaThere were no
mandatory releases among the 1992 cohort, but those telasgandatory statute in 1999 were

more likely to return compared to those released byli@awmard, though differences in outcome
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were not statistically significant. Legitimate opponty and urbanization scales were again
mixed. Legitimate opportunity had a mild significant negaimpact on recidivism on the 1992
exit cohort and was positive, but not significant on#89 cohort. The urbanization measure

had a positive impact of recidivism for both cohorts,was stronger in the 1999 cohort.

New York (See Appendices H-1 and H-2)

Males were consistently more likely to return to gmishan females across cohorts.
Blacks were more likely to return than whites in bothaséecohorts, but effects decreased over
time (coefficient went from 0.5 in 1992 to .094 in 1999). THeatfof ethnicity on likelihood of
return changed between the 1992 and 1999 cohorts. Hispanesigmeificantly more likely to
return in 1992, but less likely in 1999 (but 1999 effect was natfgignt). Older offenders were
less likely than younger offenders to return, with thefficient and Wald gaining strength as
inmates aged. Once again property offenders were nhketg to return that other violent
offenders in both cohorts. Parole violator admissi@tus was not available for the 1992 cohort,
but was significant in 1999 and had the strongest Waldtgtaimong all variables (647). Time
served was also missing in 1992, but inmates serving moreafpear to be less likely to return
than short stay inmates, with marginal significance.

Those released by EOS were significantly less likedy tthose released by parole board
to return over both cohorts, with greater effects ofmitade in the 1999 cohort (coefficient of
-.0161 compared to -1.137, respectively). Mandatory releasesshghtly more likely than
parole board releases to return in 1992 (not statistisghjificant) and slightly less likely than
parole board releases to return in 1999 (again, not signti. Overall, being older than 45 years
of age and EOS release were the strongest predictansadss for both release cohorts, with

EOS surpassing the age effect in 1999. Both the legitiopgdertunity and urbanization scales
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were significant in 1992 when modeled alone, but effestpgieared in the fully-loaded model.

Neither scale was significant in 1999.

Pennsylvania (see Appendices I-1 and I-2)

As discussed earlier, Pennsylvania is an anomaly compatbd bther states for several
reasons. Offense type was not available for the 1992 ttohdividual demographics were
consistent across models within year, though genderamedhad a slightly greater impact in
1992, even when run without other variable blocks (see Mofieldach cohort year). Age
effects were greatest for the 45 and older releasethdutagnitude declined by half for the
1999 cohort (a coefficient effect of -1.293 in 1992 and -.0591 in 1@9%ffense data available
in 1999, only property offenders were significantly moreljyike return than violent offenders.
Time served had a significant effect for quintiles 3 ama #0992 but were not significant for the
1999 cohort.

Public policy measures were far stronger than in Mich@adew York in terms of
magnitude. Releases through EOS were significantly nicely ko return than parole board
releases in the 1992 cohort (an effect size of -2.407@0l more pronounced for the 1999
cohort (-3.425). There were no releases by mandatdutestia 1992 or 1999. Legitimate
opportunity has a mild significant negative effect in 1992,didn’t test in 1999. Urbanization
was significant in both cohort years when run alonefdiletd to reach significance in the full

models for either cohort year.

Comparing Final Models

Results for final models are discussed in terms of blarblocks in the order listed in
Table 15. Notable differences within and between stagekighlighted, as well as possible

explanations for some of these differences.
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Individual Factors

The directionality among gender and race characteyigtés consistent across state and
over time, but significance and magnitude varied. Malag were likely than females to return,
blacks more likely than whites. Hispanic origin, howevexd different predictive effects across
states and cohorts. Hispanics were less likely to réhamwhites with strong effects in
California that increase between cohorts. This findmgiat be an artifact stemming from the
possibility that Hispanics are more likely to be nonzeits than whites and may either be
deported or leave the state or country of their ovaomt In New York Hispanics were
significantly more likely than white to return in 1992, kess likely (though not significant) in
1999. Meanwhile, Hispanic origin had no significant imparctexidivism for those released in
Michigan and Pennsylvania. There was also a lot of missitagfoiathe Hispanic variable in
Michigan and Pennsylvania; it is possible a similar effemtild have been found in these states
been able to differentiate Hispanic releases from whitebdack releases.

Age at time of release had significant negative effiacédl states, but not for all age
categories and magnitude and strength varied widely. Qualahses 45 years and older were
less likely to return than released younger than 25 yddrdlagnitude effects were greatest in
the 1992 Michigan and Pennsylvania cohorts (coefficient 62aland -1.293, respectively), but
even the smallest coefficient (-0.511 in the 1999 Michigdrmod) was notable. Age effects for
the 25-34 age categories were not significant in the F@hcohorts or the 1999 Pennsylvania
cohort and 35-44 age categories were not significantherehese states in the cohorts.
Generally, however, the assumption that older peraontess likely to return holds true across

these results.

97



86

¥5'6682T TVBSTT TZIETT L'816T6 pooyax1 6o
LZT0 80T0 9vT0 GET0 Zd oixabeN
8¢9'S * ort »x  GV8L6 P €0L°6ET MOYSawaT] pue IswsoH
1 ISpPON
6EGCS VOO  xxx ST€0 8688 L¥0°0 I’ ovT0 890°GVT O0TO'0 xx»  TCT0— 8GC'TTT 600°0  xxx 860°0— uoneziueqin
08801 6dD  vxx 9600 768'€ 8¢00 ¥ GG0°0- 0L0°0¢ 900'0 «x8¢0°0- 2910 010’0 00°0— Ayunyioddo srewnifan
sJ010€} AlUNWwo)
ases|al
62068 T80'0 «xxx 69E€T— 8GC'T9 CO0T'0  xxx 86.°0— 8oUdluss Jo uoneldx3
€620 ¢0T'0 1500 06.L°€87 6920+« » L06'S Ve 11 9220 xxx 80T'S ases|al Aiorepuely
sjo.3u09 Ao1jod a1jgnd
G29'v 9500 * 0Z¢T0 T06'T 8500 0800 ¢6C'TT €200 wxx 6,00 vEE 9200 xxx €CT0- S
[44= WA 7900 ™ V.10 €.€0 2900 0202 0’8 1200 ™ 1900 SveE6v 2200 xxx 9GT'0- 14
06¢'8 G¢1'0 I’ 6SE€0 ¢0S'T 2910 6T 9E8 VY 1200 s LLTO 8€T'S €00 * 9/0°0- €
86T°C /800 GST0 8V€0 2800 8700 86¢°0€ 0200 =« OTTO 60S°€ ¢c00 00— 4
(sajnuinb) panias awil
8
(01517200172 A 74 O N 0 [41=N0] 80'TTC TSO0  wxx 9€L0 /92'88¢T 9100 =« 0850 CLYV'GEVC  LTO0  xxx 7980 uolssiwpe Joje[olA ajoled
9150 7650 LZv0- G98'¢ Sv0'T 69L'T—- /8598 me » §9¢°0- €67 L7000 xxx ST€0 SSUBJJ0 B0
V' D 9,00 1600 18¢'¢ 9600 SYT0 ={0)7Al0] 0€00 6T0°0 G86'81 TEOD  xxx 0cc0- 9SUSJJ0 I3pJo Jljgnd
¢L0°0 7900 LT00 LLT'6 8900 *x% 90¢'0- 06€E'T 6T00 ¢c00- 611°0C 2200 xxx 860°0— asuayo bnug
0LV’ 0CT  [B0 sxx 1290 G8€'S9 8G0°0  xxx ¢Ly0 L0L VST 020°0«xx 0GC°0 V61T 6V1 2200 wxx 1,20 asuayo Ausdoid
asuayo
Loisiy reuiwnd
988 T80°0  xxx T19°0- €9G°'GL LTTO  wxx 020'T- YBEL 6200 «xx 628°0- 899°209 GEO'O0  xwx 898°0- +Sv
LLv0 G900 Sv0°0- OET' LT 790°0  xxx 99¢°0- v8¢1% G200 «x ¥CG0- 260'18¢ 9200 sxx ceEY'0- vv-G€
L€80 2900 LS0°0- GEBC 9500 760°0— VEZZ G200 «x  GPPO- GEI'CET €200 xxx 89¢°0- v€-G¢
(sreak) aseajal e aby
€000 60€°0 8T10°0- €000 G.€0 c0'® 899'T G900 780°0 6700 8800 0200 1BYIO
€8T°¢C L9T°0 YAZA €00'T 8020 8020 Tr9'6LET6T00 «xx LTLO- 000°0vT 0200 xxx cveo- JluedsiH
(014174 0G0°0  xxx VEE0 1245 TG00 xxx 18€0 /8B 8T00 =« V620 ¢ST1'¢6T T2O00  xxx ¢62°0 Aoelg
98¢'€c T80'0  xxx ¢6€0 €EE6¢C 680°0  xxx 7870 A2 €200 xxx ceY'o €06°G¢c 8200  xx €cro SleiN
spiydeibowap [enpiapu|
L
TTIG'S9T <ZTTO0 8EV' T GG'99T 8TTO €CS'T- V' THE 1200 001'S— 786°991 0€C0 196 V- lueisuo)
PleM 3S Juadaod Plem 3S Juadaod PleM 3S Juaidaod PleM 3S Juaiysod s|qeuen
6661 26671 6661 ¢66T1
uebiyoIn eluiojled

a1e1S pue Jea RIasRAQ ‘S|IapoA uoissalbay 21sIbo [eulq buuedwo) ST a|qe.l



66

LECO Lv0°0 €200 €6€0 6€0°0 7200 7070 8000 G000 EV6'¢C 8000 G100 uolneziueqin
Anunuoddo
¢eT0 GEO'0 €10°0- [AR 0] 8€0°0 « L180°0- 088¢C 0100 9700 0ce0 €100 200°0- arewnba
sJ010€} AlUNWwo)
ases|al
ELIEINES
¥60°TL9 CETO xxx Gev'e- ¥61°0C¢ 2910 wx LOVC— 6.0'¢8€ 8500 wx LETT- 8vT'0LT €2T0 xxx T9T°0- 40 uonendx3
ases|jal
T96'T GEO'0 0S0°0- 1297 v00 ¢s00 Kiorepuepy
S[0Jju0d
Aaijod 21gnd
6v¢'¢C €900 7600 098'T €00 6600 Tv8'v LEOO M 1800 - S
[AZA0) €800 ¢l00 [ARSWA G/00 «» €020 /8191 000 xxx 29710 - 14
€080 ceco 80C°0- 1L68°S €¢10 + 00€0 0¢T'S €900 M crTo - €
LS00 ¢i1'0 1L200- 8010 €600 8,00 189S 9700 M 60T°0 - 4
(sapuinb)
paAlas awi|
uoissiwpe
G/8°'G¢ /900 xxx €VE0 - 6L.¥9 €v0°0 wx  VVEOQ LEV'O0T 6E0°0 xxx 96€°0 10Je|OIA 3]0Jed
280°L G500 xx 8VT0 [SYASR YA 2900 wx VG990 JAZOWAC] 0€0'0 xxx €920 - BSUaJJ0 18yl0
asuajyo
6v.¢C GST°0 JASTAC) - 9ES'TT 0920 xx  G88°0- 121t 0Lv'0 xxx 9€9'T- JapJo Jlgqnd
9¢€0 TET0 G/00 - €08¢E €900 e 09€°0- 008'9¢ /900 e  OVEO— asuayo bnug
asuayo
69170 €900 €v0°0- - 08Lv LEOO + 180°0- 8T0°CT €00 xxx 8T1T0- Auadold
G/8'G¢ /900 xxx €VE0 - 6L.¥9 €v0°0 wx  VVEOQ LEV'O0T 6E0°0 e 96€°0 9susljo
Loisiy reuiwnd
[AZA°1> 8600 xxx 165°0- LE9'SOT €170 e  €6CT— 8G0'T9T G500 e L69°0- 199'v.T 2L00 wx  LV60- +Sv
JAS{OR 1800 10— Ev0'Sy 780°0 e 99G°0— cv6'6v v0°0 xx  16C0— /6¢°6VT S¥0'0 e O0TG0- v-G€
€¢E0 L/00 00— 0TS'6 G/00 = L1EC0- ¢62'1€E 6€0°0 e OTC°0- |3 YAVA 4 €00 xwx  8CC°0- v€-G¢
(sreak)
asea|al Je aby
T1ST¢C 16€0 €.G°0- 9820 /8.0 869°0— 929'T €610 9vZ0- 9.0 L12°0 /810 1BYIO
€170 760°0 ¢e0’0- €€L0 9010 160°0—- 9T6°¢C 0S0°0 980°0- 261'8¢ 1500 w1220 oluedsiH
xxx 8.¢2°0 ¢60°19 G900 w1190 96699 700 wx V620 ¢66'T¢T  S¥0'0 xxx 00S0 Aoe|g
6G¢'9¢ 1170 xxx 0450 SYT'TE 8110 wx VY90 868°LS9 €500 we  LOV'O 8178'8L 7S0°0 xxx LLv'0 SleiN
spydesbowap
[enpiAipu|
G96°'6S9 SvT0 T 1- L2016 10 EVET- 0S.°60¢ L/00 81T T- 080'vec  SL0°0 8YT'1- ueisuo)
prem s juanisod pPrem s jusis0d prem s juanisod prem ER juss0d a|qeueA
66671 C66T 6661 2661
eluen/Asuuad MIOA MBN

(Penunuod) GT 8|ge L



00T

"[9A3] GO* > e JuedIUBIS « N8| TO" > 18 WRIYIUBIS 4 [9AS] TOO" > Je JURDYIUBIS 4y

Solels Jaylo Io} ases|al preoq sjoted pue elulaigpgses|al 9ousluas Jo uonelidxa st dnosb uosuedwo) |

"(skeis 1salioys) gmaLun paisnipe Joj 3|nuInb 1Sy pue ‘SUOISSIWPE JWBWDD 1IN0D MBU ‘SISPUBHO JUSJOIA d1e dnoib uosiredwo) |
"p|o SIeak g sapes(al pue ‘saNym ‘sefews) ate sdnoib uosuedwod

"3|qe|leA’ 10U 319M elep 1ey) saledlpul yseq s10N

868'€596 167’7018 29'8vC1e T¥9T10€ pooyeyi| 6o
GGZ'0 VET0 G800 8500 Zd oix|ebeN
Moysawa

€80'S SSY'TT xxx 0S8S°.¢ 8€EECT pue IswsoH
11} [BPOIN
Plem 3Ss usaya09 Plem 3s usaya09 Plem 3Ss Jusaya09 Plem 3Ss U309 9|qeLen

6661 C66T 6661 2661
elueAjAsuuad MIOA MON

(Penunuod) GT 8|ge L



Criminal Justice Factors

In terms of criminal offense, property offenders wegaificantly more likely than
violent offenders to return to prison. This is consisteith previous research that property
offenders are more active and more likely to return tither criminal types (Spellman, 1994;
Langan and Levin, 2002). Drug offenders are also generaflyikedy than violent offenders to
return (with the exception of those in the 1999 Michigalmoct), but effects are not significant
across states and cohorts. Recidivism of drug offendékelig tied more directly to post-release
conditions and revocation thresholds, both of whicly way by state (and even by parole office
within state).

A significant predictor of recidivism is a previous faduParole violators subsequently
released had consistent positive effects on recidiaiimss states and cohorts, although
magnitude varied. The smallest effect was in the 1999 PemamsgIcohort, perhaps because
parole violators were more likely to be released maglgxpiration of sentence, which has a
significantly negative impact on likelihood of return.

Time served effects varied by state and each coho@alifornia persons serving more
time were less likely to return in 1992, but effects weoel@st compared to most other
variables. By 1999 persons serving longer terms than thesthgrinmates were more likely to
return, perhaps a result of supervision practices. Fample, perhaps the threshold for
revocation rose over time due to limited incarcerabieth space. Persons serving the least time
may have fewer priors and thus more chances to ggamte compared to inmates with longer
sentences, who may pose a greater public safety risk dioeitqriors or offense. Time served
had positive effects in both Michigan cohorts, thougly s@nificant effects in 1999. Similar

positive effects were seen in New York and the 1992 Perarsgl cohorts. In the 1999
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Pennsylvania cohort, however, quintiles 2 and 3 were lesly tio return than short-stay inmates
and quintiles 3 and 4 were more likely to return (althoumferof these variables were

significant).

Public Policy Factors

Parole board release was the reference categoril fbates but California, which had
fewer than 100 such releases in 1992 and 1999. Thus, EOS was tisedederence category in
California; however, this is still problematic since tharere no EOS returns from either cohort
(note that only 2%, approximately 3,700 inmates, were deisough EOS in California in
1992 and 1999). So while it is not surprising that mandatory eeisasgnificant in California
since it is practically the only method of releases ttues not explain the finding that the
mandatory release variable trumps every other varialérms the impact on the coefficient. It
appears that the release and revocation policy indZmailif is the driving force behind its
recidivism rate even holding constant other factors.

The difference in recidivism by release type was maendt in the other states. EOS
releases were consistently less likely to return gherole board releases, ranging in effect size
from -0.161 in the 1992 New York cohort to -3.425 in the 1999 Pennsglcahort. “Let them
out and let them be” seems to be a solid strategymaécidivism rates. While the effect of
mandatory releases is clear in California, the pdiag mixed results compared to parole board
releases in other states. For instance, mandatoriepateases were more likely than parole
board releases to return in the 1992 New York cohort andikesin the 1999 cohort, but
neither was significant. Mandatory releases in the 1989ilyin were also more likely to return

than parole board releases, but results again weregmificzant.
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The consistently negative effect of EOS release oidivgsm begs the question whether
persons released by EOS are somehow different tha tateased by mandatory release or
parole board. Are those released without supervisionadfetypes with a lower risk to
recidivism? Table 16 indicates that the offense pro@ifdaamates released by EOS do not
support this contention. The largest offense group releasdet EOS did vary somewhat by
state — drug offenders in California and New York, propeffignders in Michigan, and "other"
offenders in Pennsylvania — but it is evident that EOSukibized for all offender types among
the states It is possible a key factor to explain these diffiees is not accounted for in the
models, but based on these results the best way to regtuce is to release offenders without
supervision.

Table 16. Offenders Released, by Offense Type, Release aryh&tate (Cohorts Combined)

California Michigar New York Pennsylani
Other Other Other Other
EOS release EOS release EOS release EOS release
Total 100 % 100 % 100 % 100 % 100 % 100 % 100 % %0
Violent 24.3 36.8 25.3 37.0 27.1 36.4 20.1 31.9
Property 30.6 29.3 40.2 37.4 19.7 24.7 12.1 21.5
Drug 35.0 23.3 24.4 10.0 46.7 32.7 16.7 19.3
Public order 8.2 7.2 10.0 15.2 6.0 6.1 2.2 5.8
Other * 1.9 3.4 0.1 0.4 0.5 0.1 48.9 21.5

Note EOS = expiration of sentence.

* Includes missing offense for 1992 in Pennsylvania.

Community Factors

Legitimate opportunity has a negative influence on reigi in California, the 1992

cohort in Michigan, and the 1992 cohort in Pennsylvania shettistically significant (as

23. For a more detailed breakout of offenses see Apperidiexia

103



opportunity goes up, recidivism goes down), but the meare s@lue for both is less than 1 unit,
limiting its impact. Urbanization has a negative impattecidivism in California (with a mean
value of less than 2 units and a maximum of 4 units) andiaveasne in Michigan (with a
mean value of less than 1 unit and a maximum of 1.5 unhs)more urban the area in
California, the lower the likelihood of a return to pns the more urban the area in Michigan,
the higher the likelihood of return. This could be due momber of factors including law
enforcement resources (police, probation, and paraleeod) and priorities, styles of
supervision, revocation thresholds, and differencesimmircal activity and policy reaction
between large cities such as Los Angeles and Detroit.

Overall, the effects of predictive variables acrdases are both similar and different.
The effects of demographic variables on recidivismangely similar across state. Men
recidivate more than women; blacks return at highesrdnan other races; and younger releases
more than older ones. The effect of Hispanic origifets across states with this ethnic status
being negatively related to recidivism in California bat elsewhere. This could be due to the
proximity of California to the Mexican border and the poitity that some released inmates
choose to return to Mexico, thereby avoiding return teopri

There is somewhat less consistency across staties @ffects of criminal justice
variables across states. Offense and admissions aypesimilar effects across states. Property
offenders recidivate at higher rates than violentrafégs everywhere, and other types of
offenders recidivate less than violent offenders oaigfin not uniformly across states. Released
inmates who failed on supervision previously are alwagsewverywhere more likely to
recidivate. Finally, the effect of time served oaid&zism varies in magnitude and direction

across states and time, with more time served assdaath lower likelihood of return only in

104



California for the 1992 cohort and th& and 3 quintiles of the 1999 Pennsylvania cohort;
otherwise effects of additional time served incredsditiood of return (though not always
significantly).

The effects of policy variables vary significantly assstates largely because these
variables vary considerably across states. The etiécbandatory release, for example, are
strong and positive only in California where almostaases are of this type. Rather than
being the effect of the selectivity with which inmates assigned this form of release, this seeks
to be the result of the community supervision regimetjmexdt in California. In contrast, release
through EOS has a strong negative effect on recidivisall states.

Overall, the models demonstrate that recidivism proflifer across states and within
states over time. Recidivism is not a consequeneesbbrt list of factors that can consistently
predict who will come back across places. Rathés,atcomplex phenomenon that is influenced
by individual characteristics, criminal justice demograplpeslic policy control decisions, and
community factors. Even controlling for all of theb@gs, there are many predictors missing, as
evidenced by the low Nagelkerke results. One of the migaaigrs in these models is time.
Table 17 shows pooled cohort models by state to isolagfféwt of time on recidivism while
controlling for the other variables. While this techniquecabss changes in variable blocks
between years, it highlights that persons released in\i882 significantly less likely to return
than those released in 1999 in California and Michigan, igmifisantly less likely to return in

New York, even after controlling for the other blocKshis indicates that the goal of reducing
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recidivism through increased sanctions over the 1990s wHsdtive in at least two states in the
study, at least in the context of variables includedemtiodel. This is likely at least in part due
to other policy changes that are unmeasured in the madels,as changes in law enforcement,

prosecution, sentencing practices, or supervision andateogolicies over the decade.

Hypotheses Outcomes

We are now able to address the hypotheses stated ats$ke aftthis research. Each of
the hypotheses outcomes is detailed in Table 18 by individdatraminal justice factors,
community factors, and state and public policy factoasd, Individual and criminal justice
demographics impact recidivism inconsistently acrossss{atgpotheses 1 and 2). Whites,
males, and older inmates were less likely to return ttecks, females, and younger inmates.
But, unexpectedly, Hispanics were less likely than whaeagturn in California and New York,
resulting in a failure to fully accept the null hypotise€onsistent with previous research,
property offenders are the most likely to return comptoexther offender types. Drug offenders
were less likely than violent offenders to return in huases, though the magnitude of these
effects diminished in later part of the decade, partiuia California and Michigan. Public
order and other offenses also had mixed results.

Previous failure is indeed predictive of subsequent faiRaeole violator releases were
consistently and significantly more likely to returrptison, even after holding other factors
constant (Hypothesis 3). The assumption that incre@sedserved would be correlated with
lower rates of recidivism (Hypothesis 4) was inconsisie its effects. In the 1992 California
cohort it had a negative effect (more time served taaae with lower recidivism), but nearly
everywhere else (but for a subset of the 1999 Pennsylvalimaty more time served was

associated with slightly higher rates of recidivismth varying levels of significance.
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Table 18. Hypotheses Outcomes

Hypothesis Outcome Null

Individual and criminal justice factors
1 Males, minorities, and younger Sex and age variables test (maleMixed

released will have significantly higher and younger inmates more likely

rates of recidivism compared to to return), but race does not.

females, whites, and older release = Mixed results for Hispanics.

inmates.
2 Property offenders will have Property offenders had the highegtccept

significantly higher rates of return thanprobability of return
other offender types.
3 Previous failure is correlated with Parole violators were consistentlyAccept
subsequent failure. more likely to return than new
court admissions.
4 Greater time served will result in lowerTime served was inconsistent in Mixed

probability of return. its relationship with recidivism.
Community factors
5 The more legitimate opportunities in  Small negative and positive Mixed
the community, the lower the rate of effects across cohorts
recidivism.

6 The more illegitimate opportunities in Not included in final model (NA) NA
the community, the higher the rate of

recidivism.
v Mixed

State and public policy factors

8 Type of release (i.e., discretionary  Type of release had significant Reject
parole, mandatory release, EOS) will impact on recidivism, with EOS
have no significant impact on rates of correlated with lower rates of

recidivism. return and mandatory release
associated with higher rates of
return.
9 State will have no significant impact o\ggregate results indicate that Reject
recidivism. state does matter.

10  Recidivism will decrease between the Recidivism increased between th&®eject
1992 and 1999 cohorts for all states. two cohort periods.

Social disorganization scales as measured here havenalangd inconsistent effects
(Hypotheses 5 and 7; 6 is no longer testable since théitkate opportunity scale was

dropped). Both the legitimate and urbanization scales Hsiletit effects across states, and
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effects were mostly underwhelming. It is possible tiveseld be more pronounced had the
scales been based on neighborhood or census tract leasliras.

Regarding public policy measures, release type has a sagtifimpact on the likelihood
of return (Hypothesis 8), and the null is clearly regdcIf we are to reduce the prison population
by minimizing the recidivism rate, increasing EOS relsas¢he most promising strategy,
followed by a return to parole board releases; mandatatyts release is the least successful
type of release. The role of state also mattersadipting recidivism (Hypothesis 9). Even after
controlling for all other factors, there are underlyiagigal influences unaccounted for between
states that affect recidivism. This is mostly clgaidémonstrated in the difference between the 4-
state and 3-state models in the linear and logistic segne results. Finally, despite all the
measures taken to reduce crime in the 1990s, the policiegdsulted in an overall increase in
recidivism (Hypothesis 10). The implications of thaselihgs are discussed more fully in the

following chapter.
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CHAPTER 5

DISCUSSION AND CONCLUSION

The objective of this study was to inform efforts to redineeprison population by
identifying factors that contribute to recidivism. By exgeg the range of factors we think of
when measuring recidivism, we can better understand wipl@peome back and adapt policies
to address some of these factors. Recall the inggdarch questions at the outset of this study —

1. Is recidivism the product of persons, places, or policdesome combination

thereof?

2. How does the impact of individual, community, and publicgyotiharacteristics on

recidivism differ when modeled in isolation by block aviden modeled together?

3. Does the strength and significance of the effectadividual attributes accounting

for recidivism differ depending upon the policy context wdtion?

4. How do these findings inform the debate over how to rethesize of the prison

population within states and as a nation?

5. Can recidivism be reduced with policy changes as oppode tmore difficult task

of changing individuals?
Findings will be summarized in accordance with the finste research questions in the
discussion of findings. The fourth and fifth questionsaatéressed in the next section on the

impact of findings on policy reforms. Finally, recommeraiad for further study are discussed.

Discussion of Findings

Overall, the individual, community, and public policy bloc{ssariables each affected
recidivism, there was variation across place and ower, and effects changed as different

variables were introduced. This demonstrates that réesmdiis about more than just criminal
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behavior and reinforces the fact that it is inappropt@@mpare recidivism rates between
groups without controlling for some basic variables dateel with the likelihood of return.
There are 51 different prison systems including the FeBeralau of Prisons; this study only
included 4 and found variations in why people come backlikely that a more comprehensive
study with additional states and predictor variables woield yurther variations.

Overall, the individual, criminal justice, and public pglivariables all offer context as to
why people come back, both when modeled isolation andhegendicating independent
effects. The community variables show relative létiect on recidivism. The main overlap in
the full models run on the aggregated state data ocadatlirshe state and type of release
dummies, indicating that much of the difference betwstates is due to the difference in release
policies. The relatively modest contributions of theestummies over and above what release
practices explains suggest that there is no policy aliretiéct, at least as it measured here, on
recidivism. The fact that state dummies had more pawte 4-state models indicate that there
may residual policy effects at work in California, but are unable to determine this due to
collinearity.

Generally, and consistent with previous research,etiar prison were more likely male
than female, black than white, younger than older, and grsopienders rather than violent
offenders. Being male and age at time of release thermost powerful and consistent
individual correlates of subsequent recidivism (malesvaree likely to return; older releases
were less likely to return). A previous failure was pecade of a subsequent failure, and there
was no consistent effect of time served. Based oadgecgate Nagelkerke results, the impact of
individual characteristics and criminal justice charasties were additive, but explained only a

portion of recidivism. Such traits may be useful iargtterizing the population and assessing
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risk in conjunction with other variables, but are a kvaindation upon which to base policy in
isolation. Further, most of these are not charastiesiwe can directly impact to reduce
recidivism.

The social disorganization of the residential commuioityhich the inmate is released
had little effect on recidivism. Legitimate opporturgtyd urbanization varied in significance,
and had modest overall value in predicting recidivismpaned to the other variables. This may
be because the scales of legitimate opportunity arghizdition were insufficiently specified to
capture environmental effects. Measures of social disgi@on more directly tied to the
individual, such as legitimate opportunities and urbanizatidhe neighborhood or Census tract
level may prove to be more effective in predicting daesm.

Policy variables were significant across places, ®mubfandatory releases in the 1992
New York and 1999 Michigan cohorts. Mandatory releases therteast successful and EOS
releases were the most successful in terms of vesdi net of individual and community
effects. This is likely tied not just to whether toeagon was subject to post-custody supervision,
but the degree of supervision and the threshold for reeoca#s already stated, there appears to
be a residual effect of the policy climate in Califarmihen compared to the other states — this
could be related to a significant difference in post-ssEeaupervision practices. Release
mechanism has the greatest effect in California asatetl by the fact that state dummies and
release type have much greater effects on recidivism W@hdfornia is in the model than when
it is not. Mandatory release subjects all released esrtata period of supervision without using
a parole board or other entity to determine who shouldlbased. This is used universally in
California and evidently has a substantial effect omdigsm. The effects of mandatory release

are neither as strong nor in the same directiorh®other states in the analysis, suggesting there
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is something unique about the supervision policies in Calddiat increase the probability of
recidivism.

When inmates are released by EOS they are not stbjpost release supervision. In
each state but California, being released by EOS signilfjcatuces the likelihood of returning
to prison. This may be due to the fact that subsequemtdufig by EOS releases is less likely to
be detected and result in a return to prison. It coglol laé¢ that the conditions of supervision are
the drivers in returns to prison. Because the data dallo®t us to separate out technical
violators from other admission types, this cannot be aseldesith this data. However, it does
raise the question as to whether increasing the nurobpessons under supervision will reduce
the prison population in the longer term.

Recidivism rates are differentially dependent on who e, what you did, how much
time you served, type of release, and the state andycouwhich you reside. Traditional
thinking on criminal behavior and recidivism assumes ajadteristics of the individuals are the
driving factors behind why people return to prison andebth of incarceration and post-
custody supervision should result in cessation of subsequienhal behavior. The fact that the
probability of recidivism is tied to type of release mvehen other attributes are held constant
defies the conventional assumption that people aresompsgimply because they are bad people.

In terms of interactions, many of the effects ofwilial characteristics are constant
across states while others vary. For instance, sex, aad age predicted probability of return in
New York and Michigan slightly better in 1992 compared to 1999; dffegders released from
Michigan prisons in 1992 were significantly less likely th@rient offenders to return, but
slightly more likely (though not significantly) than \emt offenders to return when released in

1999. Hispanic origin decreased likelihood of return irhisalifornia and New York (it is
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unknown if similar effects would have resulted had thgpBinic information in the Michigan
and Pennsylvania data been better).

Increased length of time served had varying impacts olihlida of return, even within
state. The strength of the time served variables vgassgstematically weaker than the sex, age,
race, and release type dummies. The most powerfulgboedif return was the presence or
absence of post-custody supervision. Mandatory statuteseeie California was
overwhelmingly correlated with a return to prison aftelding all other factors constafft.
Conversely, EOS was strongly correlated with decrelisglthood of return.

Unexpectedly, results from the New York model in 1999caued that parole board
releases were less successful than mandatory rel@ghsegh not statistically significant). While
the level of post-custody supervision unknown, it is clbeat any type of supervision is more
likely to result in revocation than no supervision amsuspect the rate of return can be
exacerbated by harsher supervision policies. Additionabreh is necessary to follow up on this
result.

Findings also indicate that county level measures ofifegie opportunity and
urbanization are modest as well as inconsistent infeignce and directional influence. For
example, legitimate opportunity had a significant and negatipact in Michigan in 1992, but a
positive significant impact in 1999. The urbanization sbal® a negative impact in California
counties both years, but a positive effect in Michigd@asons behind these discrepancies are
challenging to identify without improved measurement scatelsa county by county analysis.
Preliminary analysis on models using county dummies sheae@ significant differences

between counties, particularly in California. This fimglis supported by Ball (2011), who posits

24. Recent modifications to California policy issued & ttealignment” guidelines may result in various
outcomes, potentially positive and negative — someasehwill be discussed in the next section.
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that different counties deal with crime in differerays, and that incarceration is not driven by
crime, but by policies that vary by offense, county, amdinal justice response. Overall, the
legitimate opportunity and urbanization scales were disappgj but it must be restated that the
specified measures may be insufficient due the countyptimeasurement, available data used
to create the scales, or both. Recommendations fobiraprent on these measures for future

research are discussed shortly.

Application of Findings

At the outset of this study, it was argued that a redaah the prison population can be
achieved through decreased recidivism, but in order to deesadtors contributing to
recidivism must be better identified and applied to polinyaddressing the fourth and fifth
guestions, applications of the findings will be discusadae@rms of policy changes both under
review and underway; specific examples of changes éctedir proposed in the individual states
included in the study will also be highlighted.

Some states were making small changes to sentencingp@itr to the national
financial crisis, mostly pertaining to drug offenders (King, 2@B&ene and Mauer, 2010).
However, the recession that began in late 2007 contdldatthe fiscal instability in most state
budgets leading legislators to seek cuts each subsequahtyéar. In 2008, 26 of the 37 states
for which numbers were reported showed a decrease irctongspending, which resulted in
cuts to healthcare services and offender programs, delapsttaction or expansion of
facilities, closings of prison wings and facilitiesdaieduced staff, salaries, and benefits (Scott-
Hayward, 2009). States are coping with the budget crisiganmain ways — first, by cutting

costs short-term through reduced staffing, programming, aitlyfaonstruction and expansion,
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and second, by reviewing and revising sentencing and releaseptd reduce the number
incarcerated persons.

Thirteen states have commissioned task forces to resgetencing and release policies
(National Conference of State Legislators, 2010), but meepat waiting for the results of
these reviews to act — several have already takesnactuch as increasing thresholds for theft-
related crime, relaxing mandatory drug sentences, expandingigegdnstituting early
probation and parole release, expanding parole eligibaaging technical violator thresholds,
using intermediate sanctions, and targeting high-riskndéfes for supervision (National
Conference of State Legislators, 2009, 2010; Scott-Hayward, R@@P2010; Austin, 2010).

These changes are being characterized by supporters &dr@shbeingtough on crime
to smart on crimevith a focus on evidence-based practices, with the pmhrstry, unions, and
a residual fear of being “soft on crime” being blamed aswhin obstacles to reforms (Mauer,
2011). However, it must be noted that the “evidence” cgesgliective and inconsistent, such as
the claim that less time served will not affect deasm or the mixed results reported for post-
custody supervision as either increasing or decreasing neaiiates. The results presented in
the previous section, for example, suggest that reducirigrsze length could increase the risk
of recidivism in some places. In addition, therealse preliminary stirrings of concern that
some of these sweeping reforms may compromise publityg&favey, 2010). A handful of
high-profile incidents that involve a violent crime corttedl by a “low-level” offender released
early could result in public pressure to abandon themefowhen perhaps only modification is
required. The opinion of one prosecutor in Michigan rédlélee fear that some reforms are
endangering public safety: “they’re making [policy] mistaled right, and sideways” (Davey,

2010). It is imperative that these policies are truly daseresearch and applied to the
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appropriate populations if they are to survive the mediaisy of the inevitable anecdotal
examples of policy failure.

The implications of this research for policy reforwil be discussed in terms of changes
in sentencing policy (including diversion and treatment)) @manges in release policies.
California will be discussed separately since the charggexmted with the realignment plans
resulting from the Supreme Court order to reduce theiopp®pulation have many wide-

reaching implications.

Changes in Sentencing Policies and Treatment Altersative

The main revisions to existing law within the last decadsomccurred in relation to
drug offenses. Drug laws have been revised in severas stavetly before or since 1999, the last
release cohort in the study. In Michigan, for examitle,650 lifer law that automatically
sentenced someone convicted with more than 650 gramsaiheaxr heroin to life was repealed
in 1998 and mandatory minimums for many other drug offensesressed in 2002 (Greene
and Mauer, 2010). Similarly, New York modified the Roelef Drug Laws, which, in
conjunction with other reforms and a general declineime is credited with reducing the
prison population by 20% between 1999 and 2009 (Greene and Mauer, 201€3wting in the
closing of seven prison facilities (Kaplan, 2011). Deanathzing drug possession as well as
providing treatment for those with drug problems may keejbaet of offenders out of prison,
but these efforts are not enough to reduce a nationahgospulation that is largely made up of
other offender types. And, as indicated by the resuliserogistical regressions, drug offenders
are already less likely to return than violent or propeftenders.

Mandatory treatment or other diversion for drug offendelisalgo likely have similar

modest impacts on the overall prison population; suatessch programs on reducing the
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prison population is contingent on the volume of persenged, the quality of treatment,
program completion, and the thresholds at which adwitisanctions kick in. For instance,
California’s Proposition 36 diverts first and secomdetipossession offenders to treatment rather
than incarceration. While there is some researchaaroirig its success in terms of cost savings
and lowered recidivism (Uranda et al., 2008; Ehlers and Amdg, 2006), success in the latter
is mainly achieved by those who complete treatmenigiwisiaccomplished in about a third of
cases. There is also no information on outcomealfernatives such as small fines or no formal
action at all (if such programs treat low-level fiiste offenders who may — or may not — have a
substance abuse problem, but were unlikely to reoffend regardf abuse issues, it may be
even cheaper to do nothing). This is not to say such agpFsare not effective, but that our
hopes of reducing the prison as a whole should not faatrein treatment policies for drug
offenders. First, drug offenders are often serving timéré&ificking, and a subset of those
serving time for possession plead their charge down — dealigg does not mean one is a drug
addict. Second, previous research has indicated thaasubstbuse problems are correlated not
just with drug offending, but with other criminal behaviomasd| (Benda, Corwyn, and Toombs,
2001; DeJdong, 1997) — to reduce the prison population offendera @ity problem should be
treated regardless of their charge.

There is also a movement toward using suspended senterm@smunity supervision in
conjunction with “low-level” or “non-violent” offendet This could be effective, but we must
consider that we have already increased the numbersdnseon probation by over 3.5 times
between 1980 and 2010, from 1.1 million to 4.1 million and thatly 6 in 10 persons under
any type of correctional supervision are on probatioel{SI995; Glaze, 2011). In addition,

nearly one-quarter (24%) of persons in state prison in 2004 eveprobation when arrested for
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the offense that resulted in their current incarcematnother fifth (19%) were on parole (BJS,
2009). The models indicate that post release supervisiogaises the chance of recidivism and,
if we can extend this to probation, this will mear thareasing the probation population will
increase the pool of persons with a higher probabilityeirig admitted to prison by supervision
revocation. For this reason, increased use of probatannot bring the reductions in the prison
population that is predicted. Probation supervision, winiéaper than incarceration, also costs
money, and examples abound of probation offices tleatlezady short-staffed and experiencing
cuts (Duran, 2011; Poinski, 2011; Spagenthal-Lee, 2011). Howktlese shortages lead to a
decline in the actual supervision of offenders (thahisy bnly come to the attention of the

office if a new crime is committed), perhaps increasmdmunity supervision could result in

lower recidivism, as observed among EOS releases.

Changes in Release Policies

The reinstitution of good time, expanded parole eligibibyd early release to probation
and parole and are the main approaches being implemergetlydand immediately to reduce
prison populations. Given the mixed findings on the impathwd served on recidivism, it is
likely that good time credits, which can reduce sentebgd®lf in a two-for-one credit (two
days credit for each one served), will have little iotgn the recidivism of released offenders as
a whole. Still, a merit program implemented in New Krmgleased 24,000 inmates early from
1997 to 2006 and found a lower recidivism rate (31%) for &inky eelease compared to the full-
termers (39%) (National Conference of State Legislat@@39). It is not specified if there was a
difference in characteristics between those rettasey and the general population. If they were

older drug offenders released with limited post-custody supenyifor example, this could
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explain the difference in recidivism. The level of pogstody supervision, conditions, and
revocation practices may also contribute to thesdtees

Regarding post-custody supervision, it is neither the ealdpse nor the expanded
eligibility that cause concern, but rather the typsugervision and the types of offenders being
considered for such community supervision. As noted previpresults of the study indicate
that those releasedithoutsupervision are most successful; yet, states are tcaihgrelease of
non-serious (usually meaning non-violent) offenders asbeer to reducing the prison
population. Our models suggest that this will not work,i@aerly with property offenders,
unless the nature of supervision fundamentally changeslgsiepending on the nature of the
post-custody supervision. It may work with drug offenders areoless likely to re-offend after
release and who have minimal conditions and requiresnent

While there is evidence that some jurisdictions are lsimeously implementing policies
such as easing revocation thresholds, shortening timep@nssion, utilizing intermediate
sanctions, and applying other measures to boost succesta) ffase approaches must be
adopted widely and consistently to have an impact. Fun¥tesn studies of recidivism of these
parolees are conducted, the details of parole supervisiaegand practice should be a core
element in the assessment. A number of stateexomple, are easing technical violator
thresholds (King, 2010). A rigorous pre and post treatment stuslyld be conducted to discern
both the effect of these policy changes and a profifgrolees for whom the policy changes
were most effective. Finally, the increased use of patbation and parole assume that the

budgets will allocate the needed funds to support additadfieers.
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The California Experiment

This study highlights the several ways that Califormeaections have operated
differently than other states. Additional changes undeiwdye California penal system are
setting the stage for an experimental study assessimgplaet on policy on recidivism. The
state is in the process of rolling out its realignnpah, designed in response to the U.S.
Supreme Court requirement that they reduce their prison pimpula 137.5% of design
capacity by May of 2013, which equates to some 37,000 inmates @iji@ars (Brown vs.
Plata, 2011). The plan includes diverting “non-violentdrirserious,” and “non-sex offenders”
to county jails and releases similar offender types tbaiion (county supervision) rather than
state parole supervision; any revocation time will beeskm the county jail or using some
alternative sanction such as electronic monitoringoondrdetention (California Department of
Corrections and Rehabilitation Fact Sheet, 2012). Furafi$854 million was allocated among
the counties to support increasing local jail capaciteteive these inmates (CDCR, 2012).
Local officials have expressed serious concerns abeintddpacity to deal with these additional
offenders with current probation staffing levels andtegsbed space in local jails, as well as
concerns about public safety if resources prove to be iosuff (Krisberg and Taylor-
Nicholson, 2011). Ad hoc fixes to the plan continue to lssg@to address loopholes and
unanticipated issues, and there are surely more to come.

The main concern stemming from the findings in this stadiat California has
previously established a system in which offenders seos t&rms, go to community
supervision, and are revoked back to incarceration at vghyrates. There is no evidence that
shifting the responsibility of non-violent offenders to tdmeinty level will result in a reduction in
recidivism or that there are consistent and widespeffads to revise revocation thresholds or

improve services. Theis evidence that community supervision offices are alrasaadyggling
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(Duran, 2011; Poinski, 2011l; Spagenthal-Lee, 2011) and thenitctdme California jails were
already crowded prior to the implementation of theigeatent: of the top 50 largest jails in the
nation in 2010, nine were located in California; six obthevere over-capacity one or more
years between 2008 and 2010 (Minton, 2011). While the systensumaged in meeting the
letter of the law to reduce the prison population, tlie¢hod will likely unleash a slew of fresh
problems. The mandate is already being blamed for a gpikielent crime rates (Solis, 2012)
and increased violence in jails (Alexander, 2012).

Reforms must be based on careful research and presettedt in terms of cost savings
but also contextually, by acknowledging that there bgllsome cases where persons diverted or
released as a result of some of these reforms walexquently commit undesirable acts, setting
the stage for reactionary policy reform. We cannotrdfto continue to modify policy based on
an immediate crisis or anecdotal events. As Mauer (20diels, we needn't strive for perfect set
of policies, but simply policies that yield better auttes than those in the past. Time will tell if
California earns the dubious distinction of whatto do when attempting to reduce the prison

population.

Recommendations for Future Study

There are two main ways to further expand upon we know aeoidivism. While this
research included factors beyond the individual, thetsesdre mixed. The community scales
were largely inconclusive and while release type wasfgignt, it is not clear specifically why.
In addition, there are other dependent variables thatdWmiliseful to adopt in refining our
understanding of recidivism beyond the binary 3-year maltkisrrecommended that further
research is conducted before drawing conclusions aboupblizies could be adapted to reduce

recidivism.
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Enhancing the Model

The results thus far indicate that we could achieve texhscin recidivism may by better
identifying reasons offenders return. There are severa wagnhance the models presented
here to better specify and expand upon these factorsistemt with the discussion of findings,
these will be presented in terms of individual and crihjurgtice characteristics, community
measures, and public policy variables. It has been ackdgetl that while age, race, or offense
can be included in risk assessments prior to release,itheothing we can do about these static
factors to influence recidivism rates. There are asivailar variables that could be included for
the purposes of risk assessment such as marital gieggence of children, the strength of these
relationships, living situations prior to incarceratiang frequency of contact while incarcerated.
Families of the incarcerated could well have positiveat$ in reducing recidivism and these
impacts could be bolstered with community and prison progthat support such relationships
(Bayse , Allgood, Van Wyk, 1991; Bobbitt and Nelson, 2004; Cexridarlow, and Cleveland,
2005; Dunn and Arbuckle, 2002).

Other individual factors not included in this study, butdwedd to impact recidivism,
include education, employment, income level, mental healthsubstance abuse status and
treatment, and participation in inmate programs sudifeaskills and anger management, to
name a few. While we cannot change static variablesaselye, race, or sex, it may be possible
to produce incremental impacts on recidivism by influencimginogenic factors through
increased education and employment opportunities, ment#h kdkegnosis and treatment, and
using programs to address other challenges to successautsiue, such as substance abuse
treatment, anger management, and interviewing skills.eTimeve been some small scale studies
that indicate such programs may be worthwhile, su¢heanding that employed parolees in

Pennsylvania are three times more likely to remain tafres (Meredith, Speir, and Johnson
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2007) and a decline by half in recidivism among releaseaaéfs receiving aid to obtain
entitlement benefits and mental health treatmentarcdimmunity (Yamatani, 2008). However,
there were no identified studies found that include tH&igual, community, and policy
variables in addition to these other criminogenic fadtoessessing recidivism.

Community factors used here were at the county levehend approximate to the year
of release using decennial information (1990 for the 1992 cahdr2000 for the 1999 cohort).
Similar measures (household income, unemployment, higiokdegree, violent crime rate,
unmarried males, to name a few) may have greater imap#oe neighborhood or Census tract
level and some may be available at time periods thatide more closely with time of release.
Including monthly employment data as Sabol (2007) did in stgdyie relationship between
pre-incarceration employment, prison releases and subseguployment could also be
illuminating. In addition, other factors that servaraBcators of community support networks,
such as social service assistance programs, afterlgogoams, time in residence, law
enforcement hotspots, relationships with local law enfoesg, and loss of social capital (as it
correlates with high-levels of incarceration at te@hborhood level, see Braman 2004), could
also be useful in refining the influence of community eciadivism. It is unlikely such variables
could be included in large-scale studies over multiplestdtut perhaps there are administrative
systems that would share such data for a series efgpatific studies.

Release type was identified as having a significant impadikelihood of return to
prison, but with different magnitudes and mixed resultp&ole board releases. These effects
can be further unpacked by incorporating measures thatfgléssels of post-custody
supervision (low, medium high, maximum, for examplegffstorkloads, and general threshold

guidelines for parole revocation (such as a failed drugadesissed appointment, or a new
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arrest). We know these vary by state, but may alsosignyficant by county (Ball, 2011). Other
public policy factors that could be included in expanded predictiodels include more
extensive criminal history information (previous offeng@syious participation in diversion
programs, treatment, etc.) and subsequent admissierfihgluding for technical violations, a
measure not available in NCRP) which may involve peronisg access and merge multiple

administrative datasets.

Expanding the Dependent Variable

The binary dependent variable used in this study was usafidasuring a baseline for
recidivism, but many researchers argue that a simpleybmeasure is simply not sufficient
when studying recidivism (Blumstein et al. 1986; Maltz 198¢hmidt and Witte (1988:152)
further specify:

It is now widely recognized that the length of time ur@cidivism is a much more useful

variable than the simpler yes/no measure of recithiiee some fixed time after release,

and there are two reasons for this. First, the timingatlivism contains useful
information; from a statistical point of view, it isdfficient to ignore this. Second, once
we have estimated the distribution of time until reggm, we can make predictions of

the rate of recidivism for any period of time afteease, not just for the particular
follow-up period found in the data used to estimate the model.

Frequency of return was assessed because parsing outrrafriibies returned was necessary to
build the dataset. Still, it is apparent that stateg wahow often inmates are returned (Appendix
table 1); these differences merit additional reseadfelther was time to first return used a
dependent variable in the study, but Table 6 indicatesttisa too, varies by jurisdiction, and
could be partially explained with the inclusion of scemelitional post-custody supervision
measures. As noted earlier, the ability to differentiali@bly between technical violators and
new offenses would also help in assessing how readigistcomes and how we might change

policy without increased risk to public safety. Additionalrk to further refine the effects of
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individual and criminal justice characteristics, commusattgcts, and type of release on time to

return and number of times returned will be pursued in fuln.

Conclusion

The research presented here is a first step in expaogedé think about recidivism.
The results indicate that there are many factors behneturn to prison. Recidivism is not solely
linked to the characteristics of the individual, the camity from which they come, or how they
are released, but rather a complex combination of flaesers. Even after controlling for these
effects, state and time also impacted rates of resiivi he influence of individual factors in
risk to return was confirmed, the effects of commuwigye weaker than anticipated, and the
policy effects were much stronger than anticipated.vBn@&tion between states reinforces that
we refrain from comparing the success rates of one watnother unless similar methodology
and definitions are applied. Data enhancements, suadnasient definitions and reporting on
admission types, in particular parsing out technical timia from general parole revocations,
would be helpful in further refining the story of why peopdene back.

If there is one conclusion from this research ihat there is no simple answer to the
problem of recidivism. As much as we like to pin our hagesolving the revolving door
problem with a risk-assessment tool, a model treatmranbik program, or cutting edge
technology such as GPS systems to prevent returnsstmpthere is no such magical solution.
We would be wise to approach policy changes with greatarad be prepared to vigorously
assess the impact of such changes. Such caution is ymfikbe current quest to cut costs by
any means necessary, but we can learn by closely stutigrsiort and long term outcomes of
such policy changes and perhaps learn from the mistakiea¢hare inevitably currently

making. If increased community supervision proves to be btieeanain policy reforms in this
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decade, we must better define the elements of thatwsiperand the subsequent effects on

recidivism.
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APPENDIX A

MAXIMUM NUMBER OF RETURNS EACH COHORT YEAR BY STATE
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APPENDIX B

COUNTIES EXCLUDED FROM ONE OR BOTH COHORTS

California Michigan New York Pennsylvania
Total counties 57 83 57 66
Excluded
counties 6 48 18 26

Alpine Alcona Lake Allegany Armstrong’

Mariposd Alger Leelanau Chenango Bedford

Mono Alpena Luce Cortlarid Cameron

Plumas  Antrim?® Mackinac Delawarz  Carbon

Sierra Arenac Manistée  Essex Clarion

Trinity @ Baraga Marquette Frankfin Clinton®

Benzie Menominee  Greéhe Columbia
Charlevoix Missaukee Hamilton Elk
Cheboygan Montcalfh  Lewis Forest
Chippewa  MontmorencyMadisorf Fulton
Clare Oceana Otsefo Huntingdon
Clinton® Ogemaw Schoharfe  Juniata
Crawford  Ontonagon Schuyler McKean
Delta Osceola Seneca Mifflin

St. Lawrence
Dickinson  Oscoda a Montour
Emmet Otsegb Washingtord  Perry’
Gladwin®  Presque Isle  Wyoming Philadelphia
Gogebic Roscommd@n Yates Pike
Gratiof’ Sanilad Potter
Houghton  Schoolcraft Schuylkill
Huron Wexford Somerset
lonia® Sullivan
loscd Susquehanna
Iron Tiog4
Isabella* Union
Kalkaska Wyoming
Keweenaw

2 Excluded from 1992 and 1999 cohorts.
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APPENDIX D

VARIABLES ENTERED IN FACTOR ANALYSIS MODELING

Legitimate opportunit

lllegitimate opportunit

Median household incor
Percent of unemployed adt

Percent employed outside county of resid

Percent using public transportation to w
Percent of households on public assist
Percenhouseholds on S

Percent of young adult dr-out

Percent high school or higt

Percent less than 9th gri

Percent below poverty lev

Percent white populatis

Average household si

Violent crime rate per 1,000 reside
Property crime rate per 1,000 resid
Percent unmarried ma

Number males 1-24

Percent young adult dr-outs
Percent high school or higt
Percent less than 9th gri

Percent black males unemplo

Percent single mor
Percent rente

Urbanizatior

Law Enforcemer

Vacant housing uni
Occupied housing un
Percent rente

Same house as 5 years
Same county as 5 years p
Housing units per squamile
Percent blac

Percent foreign bo

Percent English in hor
Population per square rr
Percent single mor
Percent using public transportation to w

Total Part 1 crime rate per 1,000 resid
Violent crimerate per 1,000 reside
Property crime rate per 1,000 resid
Total arrest rate per 1,000 residi

Public order arrests as percent of total ar
Drug arrest rate per 1,000 residi
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APPENDIX E

NAGELKERKE R-SQUARES FOR LOGISTIC REGRESSION MODELS
FOR AGGREGATES STATES, BY RELEASE YEAR

R? for 3-year return
CA, MI, NY, PA? MI, NY, PAP

Model

number Variable blocks entered 1992 1999 1992 1999
1 State 0.06¢ 0.07¢ 0.001 0.00¢
2 Individual demographics (I° 0.01¢ 0.02¢ 0.03: 0.01¢
3 Criminal justice demographics (C.° 0.08¢ 0.05¢ 0.02: 0.02¢
4 ID/CJD 0.10¢ 0.077 0.05¢ 0.04¢
5 Community factors (CF 0.00¢ 0.00¢ 0.00( 0.001
6 Public policy control (PP( 0.08¢ 0.10¢ 0.01¢ 0.05¢
7 State/PP: 0.09¢ 0.11% 0.01% 0.05¢
8 State/ID/CJID/C 0.17( 0.19( 0.07: 0.11¢
9 ID/CJID/PP( 0.16¢ 0.181 0.07¢ 0.11%
10 ID/CJID/PPC/CI 0.16¢ 0.18: 0.07: 0.11%

Note Reference categories are females, whites, undera24 gl at release, violent offenders, new court
commitment admissions, first quintile of adjusted timeesg(shortest stays), and parole board releases.

& CA is reference category.

P NY is reference category.

°ID (individual demographics) - sex, race/ethnicity, age.

4 CJID (criminal justice demographics) - offense, typadshission, and adjusted time served.
¢ CF (community factors) - legitimate opportunity andaumization scales.

"PPC (public policy controls) - release type.
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APPENDIX J

OFFENDERS RELEASED BY STATE, OFFENSE AND
RELEASE TYPE, COHORTS COMBINED

California Michigan New York Pennsylvania
Other Other Other Other
EQOS release EOQS release EQS release EQS release
Violent 36.¢ 24.2% 37.F 42.¢ 36.4 % 27.2% 40.z 38.2%
Murder’ 3.0 13 04% 12 06 1.8 17 4.5
Negligent manslaught 0.5 0.5 11 14 0.6 0.5 15 1.9
Kidnappin¢ 1.8 0.9 14 0.7 2.7 1.2 4.9 2.5
Rape 0.6 0.3 14.2 4.4 1.4 0.6 5.6 2.0
Other sex assa 3.9 2.5 5.7 11.7 3.0 0.8 14.7 17.2
Robben 15.C 9.0 13.E 6.0 22.4 17.5 9.8 8.9
Assaul 10.7 8.3 1.2 0.6 5.3 4.0 2.2 1.3
Other violent offens 1.4 1.5 0 16.€ 0.5 0.6 0 0
Property 29.3 % 30.6 % 36.1 % 26.3% 24.7 % 19.7 % 25.5 %
Burglary 14.¢ 13.1 8.1 8.3 14.4 10.€ 10.€ 11.2
Larceny 7.5 9.0 14.1 3.1 3.3 2.9 4.7 3.9
Car thef 4.2 4.5 4.7 0.9 1.2 1.1 0.3 0.3
Arsor 0.5 0.3 0.8 5.7 0.5 0.5 0.9 0.8
Frauc 1.8 2.1 2.5 3.0 1.5 1.5 5.3 5.2
Stolen propert 0.6 1.6 4.0 0.8 34 2.6 3.9 2.9
Other property offen: 0.0 0.1 2.0 4.4 0.5 0.3 1.7 1.2
Drug 23.3 % 35.0% 10.1 % 23.4% 32.7 % 46.7 % 222 % 29.1 %
P ossessic 3.0 5.5 5.3 20.2 7.4 12.1 1.8 4.8
Trafficking 13.€ 19.1 4.7 0.2 25.C 34.: 0.3 0.7
Other drug offens 6.7 10.4 0.2 3.0 0.3 0.3 20.1 23.€
Public order 7.2 % 82% 159 % 75% 6.1 % 6.0 % 45 %
Weapon 3.8 3.3 7.9 4.4 4.8 4.0 15 0.7
DWI 2.0 34 3.0 3.0 0.9 1.3 1.3 1.7
Other public order offense 1.4 1.4 5.0 0.1 0.4 0.8 4.5 2.1
Other offense 3.4 % 19% 04 % 00% 0.1 % 0.4 % 2.7 %

EOS = Expiration of sentenc
4ncludes offenses for 1999 on

b .
Includes non-negligent manslaugh
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