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PREFACE

In 1978, RAND researchers conducted a survey of inmates in Cali-
fornia, Michigan, and Texas prisons. One of the reports of this survey
(Greenwood, 1982) suggested that crime might be reduced if scarce
prison space were allocated to offenders most likely to commit crimes
upon their release from prison—i.e., to “recidivate.”! Two critical
assumptions underlying this suggestion are: (1) a substantial number
of inmates recidivate, and (2) it is possible to identify which inmates
will recidivate when they are sentenced, or before they are released, or
both. This report examines the accuracy of both assumptions and the
implications for policies regarding the length of sentences imposed.

The resuits of this investigation should be of special interest to prac-
titioners and policymakers concerned with the methods used to deter-
mine sentences and with the problems of high crime rates and crowded
prisons. The work was supported by the Bureau of Justice Statistics.

!Although “recidivate” is not recognized as an English verb, the authors use it to be
consistent with common usage in the criminal justice field and to avoid convoluted sen-
tences.
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SUMMARY

The study described in this report found that prison inmates usually
commit crimes, often serious ones, after their release. It also found
that existing formulas are not especially accurate in predicting which
inmates will recidivate, how soon they will recidivate after release, or
how often they commit post-release crimes. The basis for these con-
clusions and their implications for establishing sentencing and release
policies are summarized below.

BACKGROUND

In 1978, RAND researchers administered a questionnaire to inmates
in California, Michigan, and Texas prisons. As a group, these prison-
ers represented the kinds of offenders admitted to prison each year in
these states (Chaiken and Chaiken, 1982).

The 1978 survey results suggested that a small percentage of
inmates accounted for a very large amount of crime (Greenwood, 1982).
This finding, coupled with serious prison crowding and high crime
rates, stimulated considerable interest in a policy of “selective”
incapacitation—that is, extending the time served by those offenders
who are likely to be serious threats to public safety and reducing the
time served by those who were likely to be less serious threats. (Unlike
Greenwood’s study, this report deals with the length of sentence served
by offenders who were incarcerated. It does not discuss whether an
offender should be incarcerated.)

The anticipated advantage of selective incapacitation is that it would
reserve scarce prison space for those offenders most likely to commit
crimes or large numbers of crimes upon release, and thereby reduce
their threat to society. Several jurisdictions, such as Texas and Iowa,
have already modified their sentencing or release policies, or both, to
take into account an inmate’s expected likelihood of recidivating.

Selective incapacitation differs from the traditional discretionary
approach to making sentencing and release decisions. It objectively
measures and quantifies the variables that are considered in making
decisions. A selective policy also combines and weights the relative
importance of these variables by means of a statistical formula. This
formula yields a score for each offender; often, for example, the higher
the score, the greater the likelihood of recidivism. This score is then
used to determine whether one offender should receive a longer or
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shorter prison term than other offenders who were convicted of similar
crimes. These features of selective incapacitation are designed to
improve the fairness with which decisions are made, and to protect
society.

Selective incapacitation differs in three important ways from other
formulas that focus solely on the instant offense and prior record
(hereafter referred to as “just deserts” models). First, selective inca-
pacitation is prospective. It goes beyond considering past crimes to ask
whether an offender will commit crimes upon release and if so, how
many and how serious they will be.

Second, unlike just deserts, selective incapacitation considers more
than the seriousness of past crimes and the current offense. Predic-
tions about future criminality typically also use data on past drug use,
employment history, and other background characteristics.

Finally, selective incapacitation weights sentencing variables in
terms of how well they predict future behavior. For instance, because
drug users are more likely to recidivate than nondrug users with com-
parable conviction crimes and prior records, selective incapacitation
would give drug users relatively longer sentences. This policy clearly
departs from one in which sentences are based strictly on prior record
and the nature of the conviction crime.

The utility of a selective policy depends heavily on its predictive
accuracy (Cohen, 1983a). If an offender’s post-release criminal activity
is highly predictable, a strong argument can be made for using a selec-
tive policy to increase public safety through a more efficient use of
scarce prison beds (Greenwood, 1982). However, if it is not possible to
identify recidivists or predict their post-release crime rates, a selective
policy will have no appreciable effect on overall crime rates. Decision-
makers who are considering adopting selective incapacitation also must
deal with the ethical and legal concerns that have been raised about its
use (Cohen, 1983a; von Hirsch, 1985)—notably, penalizing merely
potential behavior instead of focusing on actual past behavior.

PURPOSE

The study described in this report investigated the degree to which
the California, Michigan, and Texas inmates who were surveyed in
1978 were arrested, convicted, and incarcerated for crimes they com-
mitted after their release from prison. The study also examined the
extent to which various recognized models for predicting recidivism
were successful. Taken together, the results of these investigations
shed light on the utility of selective incapacitation as a policy option.
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PROCEDURES

In the spring of 1984, California, Michigan, and Texas provided
RAND with the criminal histories (“rap sheets”) of the inmates who
participated in the 1978 RAND Inmate Survey (RIS). We reviewed
these rap sheets to determine which inmates were released from prison
after the RIS. Over 80 percent of the Michigan and Texas RIS
inmates and over 90 percent of the California RIS inmates had been
out of prison for at least one year before their rap sheets were gen-
erated.

Two types of data were recorded for each released inmate: (1) the
number of months between his (all survey inmates are male) release
date and the date his rap sheet was generated for this study, and (2)
the date and nature of each of the crimes for which he was arrested,
convicted, or incarcerated during this post-release period. The number
of times an inmate was arrested after release was set equal to the
number of different dates on which he had an arrest (which was often
less than the number of separate arrest charges).

Inmates were placed into three non-mutually exclusive groups
(designated as the 12-, 24-, and 36-month cohorts). The cohort(s) in
which an inmate was placed was determined by the amount of time
between the date his rap sheet was generated and the date he was
released from prison following the RIS. For example, an inmate who
had been released for 30 months before his rap sheet was generated
was placed in the 12- and 24-month cohorts, but not the 36-month
cohort. The 36-month cohort in California, Michigan, and Texas con-
tained 286, 274, and 463 inmates, respectively.

Recidivism data were coded by cohort. For instance, if a 24-month
cohort offender had his first post-release arrest 18 months after his
release date, he was classified as free from arrest for analyses with the
12-month cohort but as arrested for the analyses with the 24-month
cohort. Conviction and incarceration dates were adjusted back to the
dates of the arrests that led to them (except when we determined street
time). These procedures prevented biases due to differences among
jurisdictions in the time they took to process a case.

Data from the 1978 RIS were used to estimate each released
inmate’s score on each of five recognized prediction models. The five
models tested were: Federal Salient Factor Score, Greenwood, Califor-
nia Base Expectancy Score, PABLO Scale, and IOWA. We also
developed our own model by determining which factors in the RIS and
the other models were most closely associated with recidivism among
California inmates.
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RECIDIVISM RESULTS

More than 50 percent of the inmates that were followed for at least
36 months were arrested after their release from prison. Almost all of
those who were arrested were subsequently convicted and incar-
cerated—often for serious crimes (such as murder, rape, kidnapping,
assault, robbery, and burglary).

Some of the inmates who recidivated were arrested more than once.
For instance, the average numbers of arrests for all the inmates in the
36-month cohort were 2.63, 1.17, and 1.22 in California, Texas, and
Michigan, respectively. Data from other sources (BJS, 1986) suggest
these rates may underestimate actual recidivism rates because some
inmates probably were arrested in other states (and out-of-state
arrests, convictions, and incarcerations did not appear on the home
state’s rap sheet). Some inmates also may have committed crimes
after release but were not arrested.

Surveys of prisoners (Blumstein and Cohen, 1978; Greenwood, 1982)
indicate they commit about 10 to 20 crimes per arrest. Thus, the 286
inmates in California’s 36-month cohort may have committed over
10,000 crimes during the three years following their release from prison
(15 crimes per arrest x 2.63 arrests per inmate x 286 inmates =
11,283).

The estimate of “over 10,000 crimes” does not include the crimes the
released California inmates would have committed if a substantial
number of them had not been reincarcerated for new crimes during at
least a portion of the three-year follow-up period. For instance, Cali-
fornia inmates had an average of 1.33 arrests per year of “street time”
(where a street year = 12 months of not being incarcerated).

DIFFERENCES IN RECIDIVISM RATES
AMONG STATES

Recidivism rates were lower in Michigan and Texas than in Califor-
nia. About 53 percent of the Michigan inmates and 60 percent of the
Texas inmates were arrested at least once within 36 months of their
release from prison, compared with 76 percent in California. There
were similar differences in conviction and incarceration rates.

The differences in recidivism rates among states appeared to stem
mainly from differences in their incarceration policies. Although the
inmates in all three states were convicted of similar offenses and were
about 27 years old when they entered prison, the California offenders
had an average of 2.5 prior felony convictions, whereas the means in
Michigan and Texas were 1.9 and 1.7, respectively. Thus, compared



with the Michigan and Texas courts, California courts required that
offenders have relatively longer prior records before they were willing
to imprison them.

However, the differences among states in the average length of their
inmates’ prior records explained only a small portion of the differences
in their recidivism rates. We found that in all three states, prior
record was not an especially good predictor of recidivism. Moreover,
although young offenders are more apt to recidivate than older ones,
the released California inmates tended to be slightly older than those
in the other two states. Finally, state differences in recidivism rates
did not appear to stem from differences in their recordkeeping prac-
tices.

The foregoing findings suggest that California’s apparent policy of
allowing offenders to develop longer prior records before imprisoning
them may have contributed to its higher recidivism rate; that is,
California’s incarceration policies may have encouraged rather than
deterred criminals. Michigan and Texas also may have had more effec-
tive rehabilitation, parole, and post-release supervision programs than
California.

PREDICTING RECIDIVISM

We examined how well the five above-mentioned models plus our
own model predicted two proxies for post-release crime commission
rates: time-to-first-arrest after release from prison, and annualized
arrest rate (the number of times the inmate was arrested per 12
months of street time). We considered these measures to be valid
proxies because we assumed that the more crimes an inmate commits
after release, the sooner and oftener he will be arrested. The two prox-
ies had moderate correlations with each other in all three states.

None of the models nor the 1978 self-reported crime-commission
rates turned out to be adequate predictors of time-to-first-arrest. And
these predictors only had very low correlations (.15 to .30) with annual-
ized arrest rates. Thus, the findings with these two proxies for post-
release crime commission rates suggest that selective policies are
unlikely to target prison space on post-release high-rate offenders
because we are not yet able to identify them prior to their release.

All but one of the models had very low, but statistically significant,
correlations with other indexes of recidivism, such as whether the
inmate had any post-release arrests. Any given model’s predictions of
whether an inmate would be arrested, convicted, or incarcerated after
release were usually only 5 to 10 percent more accurate than what
would be obtained by chance. These findings are generally consistent
with those of other researchers (Gottfredson and Gottfredson, 1984b).



The low level of predictability was exemplified by the results with
the Greenwood model. This model had one of the highest correlations
with recidivism of the six models tested. Within the group of Califor-
nia inmates that this model predicted to be at highest risk, 55 percent
had a post-release incarceration within 24 months of release, compared
with the 44 percent that would be expected by chance—a difference of
only 11 percent. To put this level of accuracy in perspective, it is only
about one-third as good as that usually obtained for predicting college
grades from a combination of College Board scores and high school
grades (Donlon, 1984).

It is evident nonetheless that recidivism is not a random event. Five
of the six statistically derived models predicted that California inmates
would have relatively high recidivism rates and the five models
predicted recidivism better than chance in every combination of state
and cohort—they simply did not work very well. This study could not
determine whether the formulas tested are any more or less accurate
than the nonformula-based decisions made by judges and parole
boards.

The low correlations between the models and recidivism did not
stem from the research methods employed, data problems, or other
potential biasing factors. Further, a recent study by Petersilia, Turner,
and Peterson (1986), with a different sample of offenders, also found a
substantial amount of recidivism and very low predictive accuracy.
One explanation is that recidivism may be determined more by factors
that occur after release, such as an inmate’s employment opportunities
and quality of parole supervision, than by his prior record, background,
and personal characteristics. If so, then no pre-release prediction sys-
tem is likely to work very well.

CONCLUSIONS

Released inmates, as a group, pose a very serious threat to public
safety, but we cannot predict with useful accuracy which inmates will
recidivate. We also achieved little accuracy in predicting two proxies
for post-release crime commission rates.

It is unlikely, then, that selective incarceration policies will lead to
allocating limited prison resources in a way that will substantially
decrease crime. The utility of these policies is weakened further by
ethical and legal concerns that have been raised about their use.
Nevertheless, because most of the models predicted certain indexes of
recidivism better than chance, there is some justification for their use.
For instance, the 78 percent of the California inmates in the
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combination of medium- and high-risk categories on the Federal
Salient Factor Score were almost twice as likely to have a conviction
within 24 months of release as were the 22 percent in the low-risk
category (the conviction rates for the two groups were 58 and 31 per-
cent, respectively).

The high degree of recidivism among released offenders indicates
that crime could be reduced substantially by incarcerating more
offenders or incarcerating them longer, but it would be difficult to do
this at present because prisons are overcrowded and becoming more so.

It appears, therefore, that to reduce crime and crowding simul-
taneously, we—meaning researchers, the criminal justice system, legisla-
tures, and the citizenry—will have to generate support for increasing
the resources devoted to correctional institutions, develop considerably
less expensive ways of incarcerating offenders, or find other methods
(and funds) for closely supervising and monitoring released inmates.
Using additional resources to apprehend and convict serious offenders
makes sense only if we can incarcerate them or discover another way of
slowing their criminal activities.
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Chapter 1

INTRODUCTION

OVERVIEW

This report is divided into four chapters. Chapter 1 discusses the
policy issues we addressed and the samples we analyzed. Chapter 2
describes the various indexes of recidivism that we employed to exam-
ine these issues, and presents data that illustrate the substantial
amount of recidivism that occurred in our samples of released inmates.
Chapter 3 shows that none of the models we examined (including our
own) were especially effective in predicting which inmates would recidi-
vate or which ones were most likely to commit post-release crimes at
an especially high rate. Chapter 4 summarizes the study’s results and
examines their implications for sentencing and release policies. Appen-
dixes A to H describe the six models we tested.

BACKGROUND

A recent Bureau of Justice Statistics report indicates that about
two-thirds of the inmates admitted to prison in 1979 had been pre-
viously incarcerated as juveniles, adults, or both (Greenfeld, 1985).
Almost 50 percent of these recidivists were released and returned to
prison for new crimes before their maximum sentences expired. This
group of so-called “avertable recidivists” accounted for about 20 per-
cent of all violent crimes, 28 percent of all burglaries and auto thefts,
30 percent of all forgery/fraud/embezzlement offenses, and 31 percent
of all stolen property offenses that were committed by those admitted
to prison in one year.

In view of these statistics, why are inmates ever released, let alone
released early? Five reasons are usually cited: (1) They have received
their “just deserts” for the crimes they committed (i.e., they have “paid
their debt to society”); (2) holding them longer might increase their
post-release threat to scciety (in accord with the theory that prison
only makes offenders worse);! (3) many jurisdictions lack the facilities

l“Prisons may be terribly unpleasant, psychologically destructive, and at times
dangerous to life and limb, but there is no compelling evidence that imprisonment sub-
stantially increases (or decreases) the likelihood of subsequent criminal involvement”



and financial resources to house both new offenders and inmates who
should remain incarcerated because they still pose a threat to society;
(4) they seem to be rehabilitated; and (5) their prior records and other
characteristics suggest that they are unlikely to commit crimes or many
crimes or particularly serious crimes upon release.

Reasons (4) and (5) assume that one can predict whether an
offender will recidivate. Reason (5) further assumes that the predic-
tion methods are legal and ethical; e.g., they are not based on an
offender’s racial/ethnic background. If these assumptions are correct,
then our crowded jail and prison space could be used more efficiently.
The most dangerous offenders could be incarcerated longer and the
least dangerous ones released sooner.

Alternatively, if we cannot predict post-release behavior accurately
with acceptable measures, sentence length and release decisions should
be based primarily on the seriousness of the crimes for which the
offender was convicted. For example, “All first-offense robbers should
be incarcerated for two years in prison.” This approach is called “col-
lective” incapacitation (Cohen, 1983a). In its purest form, it requires
that all offenders convicted of the same crime serve the same sentence.
However, even staunch proponents of this approach agree that prior
convictions also should be considered (von Hirsch, 1985).

«Selective” incapacitation differs from collective incapacitation by
emphasizing what an offender is likely to do in the future, not what he
has already done. This is manifested in two ways. First, selective
incapacitation considers variables (such as the offender’s age, educa-
tional level, drug use, and employment history) that go beyond the
instant offense and prior criminal record. Second, it weights the
importance of all of the variables that are used in making sentence
length and release decisions. This weighting considers the likelihood of
future criminality, instead of merely the seriousness of past crimes.

Commitment and release decisions usually blend the collective and
selective incapacitation approaches. In the past, this blending was
done subjectively by judges and parole boards. Most jurisdictions are
now moving toward using formulas and guidelines for that purpose.
These approaches are designed to increase the fairness of the system,
such as by eliminating the offender’s race as a biasing factor (Blum-
stein et al., 1983).

(Greenberg, 1975, p. 558). The most recent study in this area (Petersilia et al., 1986)
found that offenders were slightly more likely to recidivate if they were incarcerated than
if they were released to probation. However, Petersilia et al. readily acknowledge that
their results easily could be due to unmeasured differences between probationers and
inmates, especially since their control variables had such very low correlations with
recidivism.



For example, the U.S. Parole Commission establishes specific sen-
tences for various types of crime. It then adjusts the sentence actually
imposed on an offender upwards or downwards according to six quan-
tifiable characteristics of the offender (see App. A). Taken together,
these factors presumably provide a reasonably accurate estimate of an
offender’s likelihood of recidivating.

The utility of the selective component of the incapacitation decision
is primarily a function of two related factors: the recidivism rate and
the accuracy with which recidivism can be predicted. If recidivism
rates are extremely low or high (instead of in the 20 to 80 percent
range), then almost all inmates would receive the same predicted score
and thus be treated the same way. In short, there would not be much
selectivity in the system.

Extremely low or high recidivism rates also limit predictability. For
example, Monahan (1981) reviewed several efforts to predict violent
post-release behavior and found generally high rates of “false positives”
(inmates who were incorrectly predicted to be violent offenders). This
result occurred primarily because these studies used samples of
offenders who had very low rates of violent crimes after their release.

Attempts to predict recidivism when the overall rearrest or reconvic-
tion rate is closer to 50 percent have met with mixed success (Blum-
stein, Cohen, and Nagin, 1978; Gottfredson and Gottfredson, 1984b).
Most of these studies report a low to moderate degree of accuracy when
a combination of several measures is used (Greenberg, 1975; Malitz,
1984). For example, Hoffman (1983) demonstrated that the set of six
variables in the Federal Salient Factor Score (FSFS) discriminated
fairly well (but far from perfectly) between offenders who were and
were not reincarcerated within two years of release. Only 49 percent of
the inmates in the very worst risk category on the FSFS had a favor-
able outcome, whereas 88 percent in the very best risk category had a
favorable outcome—a 39 percent difference.

Hoffman’s study and those of other researchers suggest that recidi-
vism is not a chance event, but is related (at least to some degree) to
past behavior and offender characteristics. This has led several states,
such as Texas, to use components of the FSFS or their own formulas
in making sentencing and release decisions. As a result of this policy,
models are being used to determine the lengths of sentences for a sub-
stantial portion of those incarcerated (Petersilia and Turner, 1985).



PURPOSE

We investigated the extent of recidivism among California, Michi-
gan, and Texas inmates who were released from prison, and how well
various models predicted which of these inmates would recidivate. If
recidivism rates are near 50 percent and if any of the models are able
to predict it, such a result would support a greater emphasis on selec-
tive incapacitation as a means for dealing with such problems as prison
crowding. If, on the other hand, recidivism is extremely low (or high)
and none of the current models are especially effective in predicting it,
that result would argue for emphasis on collective incapacitation.

INMATE POPULATION

In 1978, RAND conducted a survey of inmates in California, Michi-
gan, and Texas prisons (Peterson et al., 1982). The 1978 RAND
Inmate Survey (RIS) was in the form of a group-administered ques-
tionnaire that inquired about an offender’s criminal activity, back-
ground characteristics, and previous criminal record. The RIS data-
base also contained official record data on more than 85 percent of the
1,469 inmates surveyed. These inmates were chosen to “represent an
incoming incarceration cohort of adult males from selected counties in
California, Michigan, and Texas” (Chaiken and Chaiken, 1982, p. 3).

The RIS focus on an incoming cohort is especially important for the
findings presented in this report, because it avoids the biases that
would otherwise be introduced by sampling an inmate population or a
release population. A random sample of current inmates would be
biased toward including more serious offenders (those serving longer
terms) whereas a random sample of released offenders would be biased
toward those serving relatively short terms. A sample of incoming
inmates provides a group serving terms of typical length.

The RIS database, variables, and survey instruments are described
in other RAND reports (see Ebener, 1983; Honig, 1983; and Peterson
et al., 1982). In interpreting the results presented in this report, it is
important to note the time periods in which the RIS’s data on prior
arrests (as distinct from conviction and incarceration) were collected.
Specifically, the RIS database contains information on an inmate’s
arrests during the one-to-two-year period just prior to the conviction
that led to his RIS incarceration. This period is referred to as “Win-
dow 3" in the RIS documentation and in Apps. A-H below. “Window
9” comprises the two calendar years preceding Window 3. As noted in
the appendixes, the use of these window periods by the RIS reduced
our ability to replicate fully certain prediction models. All prior



convictions and incarcerations were coded regardless of when they
occurred.

ANALYSIS SAMPLE

Data on the RIS inmates’ subsequent criminal activity were
obtained from state “rap sheets.” Department of Corrections records
also were used in Michigan. These data were gathered in March (Cali-
fornia) and April (Michigan and Texas) of 1984. In all three states,
there was about a 5.5-year interval between the time the inmates com-
pleted the survey and the time their rap sheets were generated for the
present study. This interval provided enough time for most of the RIS
inmates to be released and returned to the streets for at least one year
(because the average sentence served was two to three years and most
of the RIS inmates had been in prison for at least several months
before the survey was conducted).

Table 1.1 shows the number of inmates that were included in the
final analysis sample and the reasons for excluding other inmates, such
as those who were not released from prison by the date their rap sheets
were generated. Over 85 percent of the original population were
released by their “Rap Sheet Generation Date.” Table 1.1 also shows
that all three states had about the same percentage of cases available
for analysis relative to the number that participated in the 1978 survey.

Table 1.1

NUMBER AND PERCENTAGE OF CASES AVAILABLE FOR RECIDIVISM
ANALYSIS WITHIN THE 1978 RAND INMATE SURVEY GROUP

Percent of Inmates

Number of Inmates Surveyed in 1978
Type of Inmate Calif Mich Tex Calif Mich Tex
Excluded from analysis
Without rap sheet? 10 23 45 2.8 5.2 6.7
Still in prison 16 40 50 4.4 9.1 15
Included in analysis 334 377 574 92.8 85.7 85.8

Total surveyed in 1978 360 440 669 100.0 100.0 100.0

8Gtate agencies did not provide rap sheets for inmates who died before the
spring of 1984 or whose records were purged for other reasons.



Table 1.2 compares certain characteristics of the 1978 RIS group
with the subset of prisoners who were available for our recidivism
analyses. These data indicate that the two groups were very similar—a
function, of course, of the high percentage of released inmates in the
original survey groups.

ANALYSIS COHORTS

The inmates who were available for analysis were further categorized
into four cohorts so that inmates with about the same amount of time
to recidivate were grouped together. Inmates were assigned to groups
on the basis of the number of months between the date they were
released from prison and their Rap Sheet Generation Date. The four
groups were: 1 day or more, 12 months or more, 24 months or more,
and 36 months or more. Note that the 36-month cohort is a subset of

Table 1.2

COMPARISON OF SELECTED CHARACTERISTICS OF INMATES SURVEYED
IN 1978 WITH THOSE RELEASED BY THE SPRING OF 1984

California Michigan Texas

Characteristic Survey Release Survey Release Survey Release
Mean age in 1978 276 278 26.5 26.3 27.4 26.8
Percent minority? 57.8 56.6 68.5 67.0 62.3 61.1
Mean number of prior
felony convictions
(official record) 2.5 2.5 1.9 1.9 1.8 1.7
Percent whose current
convictions were for
safety crimes® 78.7 717 73.6 72.8 75.0 75.3

a0fficial record data in the 1978 RAND Inmate Survey database used the follow-
ing minority groups: Black, Mexican, American Indian, Japanese, and Hawaiian.

bHomicide, kidnapping, rape, robbery, assault, burglary, and attempts to commit
these crimes. They are called “safety” crimes because victims were either injured or
had their personal safety endangered.



the 24-month cohort, which in turn is a subset of the 12-month cohort.
The number of inmates in each cohort is shown in Table 1.3.2

Table 1.4 shows that California inmates tended to be a few years
older at the time of their release from prison than the inmates in
Michigan or Texas, but the Michigan inmates tended to serve about
one year more than the inmates in the other two states. This table
also shows the positive skewness of the data in all three states; i.e., the
difference between the lowest value and the median was much smaller
than the difference between the median and highest value.

Table 1.3
RELEASED INMATES IN EACH COHORT®

Percent of All
Number of Inmates  Released Inmates

Cohort Calif Mich Tex Calif Mich Tex

1 day or more 334 377 574 100.0 100.0 100.0
12 months or more 333 360 543 997 955 94.2
24 months or more 320 327 519 96.4 86.7 90.2
36 months or more 286 274 463 871 727 198

8Cohort is defined in terms of the amount of time between
the release date and the Rap Sheet Generation Date.

Table 1.4

MEDIAN AND RANGE FOR AGE AT RELEASE DATE AND NUMBER OF YEARS
SERVED IN THE 36-MONTH COHORT IN EACH STATE

Age at Release Date Number of Years Served
State Youngest Median Oldest Shortest Median Longest
California 17.5 28.0 60.6 0.48 2.05 13.65
Michigan 18.9 25.8 58.8 0.49 2.94 16.14
Texas 18.4 24.9 69.1 0.34 1.80 8.70

2A copy of the study’s public use data files and the documentation for these files may
be obtained by writing to: Documentation Center, The RAND Corporation, 1700 Main
Street, P.O. Box 2138, Santa Monica, CA 90406-2138. Separate documentation is avail-
able for the RIS public use files (Honig, 1983; Ebener, 1983). All files use the same iden-
tification number for a given inmate.



Chapter 2

RECIDIVISM RATES

Most of the RIS inmates returned to crime after their release from
prison, and many committed serious crimes. This chapter describes
how we measured recidivism, the types and numbers of post-release
crimes for which the inmates were convicted, how soon after release
they committed these crimes, and how often they were arrested.

MEASUREMENT OF RECIDIVISM

We used three basic indexes of recidivism: arrests, convictions, and
incarcerations that occurred after the RIS was conducted and the
inmate was released from prison. The recidivism data included: (1)
the type of any post-release arrest offense (e.g., whether it was for
murder or rape or both) and the date the inmate was arrested for it; (2)
the type of conviction offenses arising out of these arrests and the
dates on which the convictions occurred; and (3) the types of sentences
imposed (e.g., probation, jail, or prison).

We recoded conviction and incarceration dates to conform to the
dates of the arrests that led to them. This was done to control for
differences among jurisdictions in the time taken to process cases.

Recidivism measures were further coded in terms of whether they
occurred within 12, 24, or 36 months of the date of release from prison.
For example, an inmate whose first arrest occurred 30 months after
release was considered to be free from arrest when he was in the 12-
and 24-month cohorts, but having had an arrest when he was included
in the 36-month cohort. This coding controlled for some inmates hav-
ing had substantially more time than others to recidivate.

The remainder of this chapter discusses the results with the 36-
month cohort. They do not differ appreciably from those with the
other cohorts because, as Table 2.1 shows, a large percentage of the
cases in the 36-month cohort are also in the 12- and 24-month cohorts.
For instance, depending upon the state, 76 to 87 percent of the 12-
month cohort is composed of 36-month cohort cases and 84 to 90 per-
cent of the 24-month cohort is composed of 36-month cohort cases.



Table 2.1

PERCENTAGE OF RELEASED INMATES
IN EACH STATE AND COHORT WHO
WERE IN THE 36-MONTH COHORT

Cohort Calif Mich Tex
12-month 87 76 85
24-month 90 84 88
36-month 100 100 100

TYPES OF POST-RELEASE CRIMES

Table 2.2 shows the likelihood that an inmate was arrested within
36 months of release for a crime that led to a conviction. For example,
the 0.049 figure for homicide in California indicates that the chances
are about 5 in 100 that a California inmate would be convicted (not
merely arrested) for homicide (or attempted homicide) within three
years of his release. Some arrest incidents resulted in more than one
conviction, as when an offender was convicted for a rape that was com-
mitted during a robbery. Many offenders had more than one arrest or
conviction during the 36-month period, and some had none.

The average number of convictions per inmate in the 36-month
cohort varied considerably by state. California inmates had the highest
rate (1.33), Texas the lowest (0.56). However, the rates for all three
states were biased downwards because some of the arrests that were
recorded toward the end of the 36-month period may have led to a con-
viction that occurred after the rap sheets were generated for this study.
Also, a few convictions may not have found their way onto the rap
sheets.

More important, the data in Table 2.2 represent only a small per-
centage of the crimes committed. The total number of convictions in
the release sample underestimates, by a potentially large margin, the
crimes that were plea bargained, cleared by arrest but not charged, and
committed by a released offender but were not attributed to him.
Self-report data suggest that a prisoner commits about 10 to 20 crimes
(other than drug sales) for every time he is arrested (Blumstein and
Cohen, 1978; Greenwood, 1982).

The crimes listed in Table 2.2 are grouped into two categories:
safety crimes and nonsafety crimes. In safety crimes, victims are
injured or their physical safety could have been in jeopardy, such as by
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Table 2.2
CONVICTION RATES FOR CRIMES COMMITTED AFTER RELEASE

California Michigan Texas
Crime (N = 286) (N = 274) (N = 463)

Homicide .049 .018 .024
Rape .010 011 .013
Kidnap .007 .000 .000
Assault 094 .040 .019
Robbery .118 051 067
Burglary .290 .088 179
All safety crimes 570 .208 302
Theft/larceny 259 201 082
Drug crimes .087 066 .022
Other felonies (e.g., fraud) 122 135 .045
Other nonsafety crimes® 294 117 .108
All nonsafety crimes 762 .518 257
All crimes 1.3320 726 559

NOTE: Attempted crimes are included by crime type.

80ther nonsafety crimes include escape, enhancements (such as for car-
rying a weapon during a crime), probation and parole violations, driving
without a license, misdemeanor drug offenses, and pandering.

bF‘ro;:»orticms could exceed 1.00 because some offenders were convicted
more than once.

being at home when a burglar breaks in. About half of all the convic-
tions in California and Texas were for safety crimes. Some of the non-
safety crimes also were quite serious, such as major drug trafficking.

We do not know why there is such a large difference in the number
of post-release convictions per inmate between California and the other
two states. It does not appear to be due to how the states compiled
official records.

Figure 2.1 shows that differences among states in mean self-reported
pre-release convictions parallel very closely differences among them in
pre-release official-record convictions. Since self-reported convictions
are unlikely to be affected by official recordkeeping policies, the
observed differences among states in official-record means were most
likely due to actual differences in their conviction rates instead of
differences in their recordkeeping practices. Nor was there any indica-
tion that recordkeeping practices were substantively changed after
1978.
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Fig. 2.1—Self-reported and official-record felony convictions
prior to release in the 36-month cohort

In Fig. 2.1, the number of official-record felony convictions was con-
verted to the same 7-point scale as was used to record self-reported
convictions in the RIS. The number of pre-release convictions
corresponding to each scale value was: 0=1,1=2,2to3 = 3,4to 6=
4, 7to 10 = 5, 11 to 15 = 6, and more than 15 = 7. The correlations
between official-record and self-reported convictions were 0.28, 0.29,
and 0.35 in California, Michigan, and Texas, respectively.

Although the differences between states in self-reported means
parallel their official-record means almost perfectly, the official records
contained generally fewer convictions. This is surprising because the
official-record data included all convictions (i.e., even those that
occurred on the same date). The difference between self-reported and
official-record mean convictions may be due to out-of-state convictions
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that were not recorded on in-state rap sheets, to coding errors, or even
to simple bragging on the part of prisoners.

The results in Fig. 2.1 are consistent with those in Table 2.2: The
differences among states in pre-release conviction rates parallel the
differences among them in post-release conviction rates. Figure 2.1
also shows that California inmates tended to have more pre-release
convictions than inmates in the other two states.

Previous studies indicate that the number of prior convictions is
often associated with recidivism (see Maltz, 1984). Thus, one explana-
tion for California’s higher recidivism rate is that California may have
incarcerated generally more serious offenders than either Michigan or
Texas. Because the RIS samples reflect an incoming cohort, the rela-
tively longer prior records of California inmates also suggest that Cali-
fornia may have waited longer to incarcerate than did either Michigan
or Texas. This hypothesis is supported further by the consistency
across states in average inmate age at time of commitment (see Table
1.2).

However, the difference in recidivism rates between California and
the other two states is much greater than one would expect, given the
differences in their offenders’ prior records. As will be discussed in
Chap. 3, there is only a very low correlation between extent of prior
record and recidivism. Thus, the large differences in recidivism among
states cannot be attributed solely to the differences in prior records. It
may be that California’s apparent policy of incarcerating offenders only
after they have developed relatively long prior records may in itself
lead to higher crime and recidivism rates (because the “cost” of being a
criminal in California in terms of the likelihood of being imprisoned is
less than it is in the other two states).

Differences in adjudication policies also might explain why mean
convictions differ between states. California may be more likely than
Michigan or Texas to arrest and prosecute offenders rather than divert
them to special programs or impose restitution sentences. We did not
have the data that would be required to explore this issue further.

TIME TO FAILURE

Figure 2.2 shows how long it took the inmates in the 36-month
cohort to be arrested after their release from prison. Almost 60 per-
cent of the California inmates were arrested within 12 months of
release. By the end of the 36-month period, the percentages arrested
were 75.6, 53.3, and 60.2 in California, Michigan, and Texas, respec-
tively.
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who were arrested after release

Figures 2.3 and 2.4 show the time it took to be arrested for an
offense that later resulted in a conviction or an incarceration. Figures
9.9 to 2.4 illustrate that California inmates had a much more rapid and
higher failure rate than inmates in Michigan and Texas. As noted
above, several factors may account for these differences, such as
California’s released inmates having, on the average, longer prior
records than the inmates in the other two states.

Figure 2.5 shows that when only safety crimes are considered, the
pattern of differences among states remains the same for arrests.
However, Figs. 2.6 and 2.7 indicate that all three states have very simi-
lar curves for convictions and incarcerations for safety crimes (note the
change in scale on the vertical axis among Figs. 2.2 to 2.5 and between
Figs. 2.6 to 2.7).

ANNUALIZED ARREST AND CONVICTION RATES

Table 2.3 presents the mean annualized arrest and conviction rates
in each fifth of the distribution of those rates. An inmate’s annualized
arrest rate was the number of arrest dates he had in the 36 months fol-
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Table 2.3

MEAN ANNUALIZED ARREST AND CONVICTION RATES FOR THE
36-MONTH COHORT IN EACH FIFTH OF THE DISTRIBUTION
OF THOSE RATES AND IN THE SAMPLE OF ALL
36-MONTH COHORT INMATES

Lowest Next Middle Next Highest All
State Fifth Fifth Fifth Fifth Fifth Inmates

Annualized Arrest Rate

Calif 0.00 0.37 0.88 1.56 3.80 1.33
Mich 0.00 0.00 0.20 0.62 2.70 0.71
Tex 0.00 0.01 0.37 0.82 2.11 0.66

Annualized Conviction Rate

Calif 0.00 0.04 0.38 0.91 2.88 0.85
Mich 0.00 0.00 0.00 0.40 2.06 0.49
Tex 0.00 0.00 0.01 0.46 1.34 0.37




lowing release, divided by the number of years he was on the street
during this period. For example, if he was arrested once after his
release, and if he had a total of six months out of jail or prison
between his release date and the date we ran his rap sheet, then his
annualized arrest rate would be 2.0. The data in Table 2.3 are con-
sistent with the RIS results in that a small percentage of inmates have
a very high number of arrests per year of street time. For instance, the
mean arrest rate in the highest one-fifth of the distribution of rates is
several times larger than the mean in the middle fifth of this distribu-
tion. There is a similar skewing in the distribution of annualized con-
viction rates.

COMPOSITE INDEX OF RECIDIVISM

We conducted preliminary analyses to determine which measures of
recidivism could be predicted by the various models. These analyses
disclosed that a simple composite index of recidivism (hereafter
referred to as the CIR) correlated just as highly with the scores on a
given model as those scores correlated with any of the other indexes of
recidivism.

The five points on the CIR were:

0 = No post-release arrests

1 = At least one arrest but no convictions

2 = At least one conviction but no incarcerations

3 = At least one jail but no state prison incarceration
4 = At least one state prison incarceration

Figure 2.8 shows that within each state, the mean CIR score in the
36-month cohort was higher than in the 24-month cohort, which in
turn was higher than in the 12-month cohort (because the longer the
time window after release, the greater the opportunity for recidivism).
Standard deviations of CIR scores also rose systematically with the
length of the follow-up period. In other words, there was less variation
around the average score in the 12-month cohort than in the 36-month
cohort. The range of standard deviations across cohorts was 1.53 to
1.62 in California, 1.40 to 1.72 in Michigan, and 1.44 to 1.77 in Texas.

ADJUSTMENTS FOR SERIOUSNESS

Consideration of the seriousness of the post-release crimes for which
the offender was arrested or convicted did not affect a given model’s
ability to predict recidivism (see App. G). For example, we created a
seriousness score for each offense type and then used it to distinguish
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between arrests (or convictions) for various crimes. We computed the
average seriousness of all the crimes for which the offender was
arrested after his release, the seriousness of the first arrest offense dur-
ing this period, and the seriousness of the worst crime. We also tried
adjusting CIR scores for the seriousness of the crimes for which the
offender was arrested, convicted, or incarcerated.

Nothing worked. A given model’s ability to predict recidivism was
not improved by any of these adjustments. Consequently, the recidi-
vism data described in the next chapter were not adjusted for serious-
ness.



Chapter 3

PREDICTING RECIDIVISM

This chapter describes how well five widely recognized models
predicted recidivism. They were developed to increase the fairness and
appropriateness of sentencing and parole decisions, as well as to aid in
allocating scarce prison space. These models are intended to be used
in adjusting the length of time served rather than to guide decisions
about whether an offender should be incarcerated.

Each model was developed by empirically determining the factors
(such as prior record and age at release date) that are associated with
one or more indexes of an offender’s propensity to commit future
crimes. Each model assigns points to these factors so that inmates
with different scores presumably have different likelihoods of recidivat-
ing (e.g., the higher the score, the greater the likelihood).

We examined the relationship between the scores produced by each
model and the Composite Index of Recidivism (CIR) and the two prox-
ies for post-release crime-commission rates. This was done to assess
each model’s predictive accuracy. We found that the scores on almost
all the models were correlated with recidivism in every combination of
state and cohort, but the correlation was so weak that none of the
models appeared to be appropriate for making sentence length and
release decisions about individual offenders.

MODELS TESTED

Many jurisdictions have developed empirically based guidelines for
making sentencing and parole decisions. The guidelines consider prior
record and other offender characteristics. The intent is to reduce arbi-
trary or racially biased outcomes by limiting or at least influencing
decisionmakers’ discretion. As in.the last chapter, results are
presented separately by state because release decisions are made at the
state level.

Table 3.1 lists factors that are commonly employed in these guide-
lines. The table is based on a survey of 18 sentencing, 29 parole, and
12 probation guidelines. We selected five models that are included in
this group on the basis of the following criteria:

19



Table 3.1

FACTORS INCLUDED IN FORMAL GUIDELINES OR
CLASSIFICATION INSTRUMENTS

Community Parole
Factor Sentencing Supervision Release

Criminal record
Number of parole/probation revocations
Number of adult and juvenile arrests
Age at first arrest
Nature of arrest crimes
Number of adult and juvenile convictions
Age at first conviction
Nature of prior convictions
Repeat of conviction types
Number of previous felony sentences
Number of previous probation sentences
Number of juvenile incarcerations
Number of jail terms served
Number of prison terms served
Number of incarcerations
Age at first incarceration
Length of current term
Total years incarcerated
Was released recently
On probation/parole at arrest

= *

EEd xx LT3

**

- P LS
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** L1 %

Nature of current crime

Multiple conviction crime

Involves violence

1s property crime

Weapon involved

Victim injured

Victim/offender forcible contact
Social factors

Current age

Educational level

Employment history

Mental health status *

Family relationships

Living arrangements * *
Dru g use xn -
Juvenile drug use/abuse >

L *

Alcohol use/abuse
Nonmodel companions

Prison behavior
Infractions
Program participation
Release plan formulated
Escape history

SOURCE: J. Petersilia and S. Turner, Guideline-Based Justice: The Implica-
tions for Racial Minorities, The RAND Corporation, R-3306-NIJ, November
1985.

NOTE: *** ~ 75% or more of those instruments identified used this factor;

*x _ 50% of those instruments identified used this factor;
* . 95% of those instruments identified used this factor.
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e The model’s rules for computing an inmate’s score were clearly
and explicitly documented.

e Our database contained all or almost all of the information
needed to produce the scores prescribed by the model.

¢ There were published materials describing how the model was
developed and how closely its scores corresponded with criminal
behavior.

We also chose the models so that, as a group, they contained most
of the variables that are often used to predict recidivism. All but one
of the models, Greenwood, has been used extensively in practice to
make decisions about when inmates would be released. Thus, the find-
ings with the models tested are probably indicative of the results that
would be obtained with other sentencing and parole guidelines now in
use.

Appendixes A to E contain detailed data about each of the five
models tested and the methods we used to replicate them. A review of
these appendixes indicates that the five models varied considerably in
complexity and number of variables used. The five models (ordered
from the least to most complex) are:

Federal Salient Factor Score (FSFS): This six-item scale was
developed by the U.S. Parole Commission using official records.
It has been in use since 1972 to assist in making parole decisions
with regard to federal prison inmates.

Greenwood (PWG): This seven-item scale was developed by Peter
W. Greenwood using self-reported data on the California robbers
and burglars in the 1978 RAND Inmate Survey. It was designed
to distinguish between low-rate and high-rate offenders—i.e.,
those who said they committed a few versus many crimes per year
of street time.

California Base Expectancy Scale (CABE): This seven-item scale
uses official record data. It was developed by the California
Department of Corrections, which used it in making parole deci-
sions.

PABLO: This 20-item scale consists of five of the Federal Salient
Factor Score variables and 15 variables developed by Pablo
Martinez of the Texas Parole Commission to predict recidivism.
These 15 variables use primarily official record data.

IOWA: Iowa uses six official record variables to create three
scales. The three scales are designed to (1) predict an inmate’s
general threat to public safety, (2) predict his specific threat of



committing a new violent crime, and (3) determine whether he
should be classified as a serious offender. However, because only
the serious offender scale had statistically significant correlations
with the outcome measures (at alpha = 0.10) in more than one
state, we present the results of that scale only.

We also created a “RAND” model (see App. F), using data on
California’s 36-month cohort to identify the variables in our database
that correlated highly with the CIR and also were commonly used in
other models. These variables were cast into dichotomies or trichoto-
mies. Points were assigned to the levels of these constructed variables
so that the higher the score, the greater the expected likelihood of
recidivism. For example, “age at release” had the following three lev-
els: 1= old, 2 = medium, and 3 = young. An offender’s total score was
the sum of his scores across the 17 variables considered. This
approach was adopted to conform to the practical need for a simple-
to-use system for classifying offenders.

Table 3.2 summarizes the types of variables used in each model.

Although two or more models often use the same general variable,
they might define it differently. For example, the PABLO scale and
the JOWA scale classify the severity of a given offense somewhat dif-
ferently.

In several instances, a model used a variable that was not present in
our database. However, we often had a variable that was similar to it.
For example, the FSFS counts the number of “incarcerations of 30
days or longer.” We did not have this variable, but we did have the
number of prison terms, which we used as a proxy for the FSFS vari-
able.

We were unable to find or create a proxy for a few variables. For
example, we did not have a substitute for the “release plan” called for
in the PABLO model. When we could not find a satisfactory proxy for
a variable, we did not use it in computing any inmate’s score.

Although we might have data on a given variable for most inmates,
we might not have had it for all inmates. When this happened, we did
one of two things. First, we tried to substitute for the missing value.
Usually this meant using self-reported data for missing official record
data. Less than 15 percent of the scores were affected by this pro-
cedure. Second, an inmate was eliminated from the analysis of a given
model if he was missing a value on a variable used in that model and
there was no appropriate substitute. This policy generally improved
correlations between the CIR and the scores on a model.

Table 3.3 shows the percentages and numbers of all the inmates in
each combination of state and cohort who had scores on each model.
The relatively low percentages for the Greenwood model stemmed
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Table 3.2
COMPONENTS OF THE MODELS TESTED

Type of Variable FSFS PWG CABE PABLO IOWA RAND
Prior arrests/convictions
Number of arrests X X
Violent offense arrests : X
Number of convictions X X X
Violent offense convictions X

Incarcerations
Prison and jail terms X X X X
Recent terms X
% of time incarcerated X X
Juvenile terms X

>

Instant offense
Severity of offense
Length of sentence (stay)
Caused personal injury
Weapon used
Homicide, assault, sex offense
Burglary or checks offense
Violent offense X
Prior conviction for same offense X

Eel
el ol

bl

Parole/probation/escape
Number of probations
Parole/probation revoked X X
Arrested for escape X X

A

Age
Age at first arrest
Age at first commitment X
Conviction before age 16 X
Age at release date X X
Age at current offense X
Street time since age 14 X

e

Substance abuse
Juvenile drug use
Recent drug use
Drug/alcohol dependence X X X X X

Other
Education
Employment X

»a

P
»
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primarily from its use of self-reported prior juvenile records which
many of the inmates in the 1978 RAND Survey did not provide.

Preliminary analyses disclosed that restricting the study to inmates
with scores on all models would reduce the number of usable cases by
more than 50 percent. These analyses further revealed that such a
restriction had only a very minor and inconsistent effect on the rela-
tionships between a model’s scores and the CIR. Sometimes the effect
was a small increase in the strength of the relationship, and sometimes
a small decrease. We decided to use all the cases that were available
on a particular model in order to obtain the most reliable results possi-
ble with our database.

Table 3.4 shows each model’s mean score and standard deviation in
each state for the 36-month cohort. The corresponding means and
standard deviations in the 12- and 94-month cohorts rarely differed by
more than one-tenth of a point from those presented in Table 3.4. On

Table 3.3

PERCENTAGES OF CASES AND NUMBERS OF INMATES IN THE
THREE COHORTS WHO HAD SCORES ON EACH MODEL

Model Used California Michigan Texas

to Predict

Recidivism 12 24 36 12 24 36 12 24 36

Percentages

FSFS 97 97 97 98 98 99 99 99 99

PWG 73 72 73 73 72 72 74 74 74

CABE 95 95 95 81 82 81 99 99 99

PABLO 86 86 86 89 89 88 92 92 92

IOWA 88 88 88 70 70 68 86 86 86

RAND 79 8 19 81 81 80 81 81 80

Numbers

FSFS 324 313 282 354 322 971 537 514 455

PWG 243 233 211 263 236 196 400 382 339

CABE 316 305 276 293 267 221 538 515 456

PABLO 288 277 250 319 290 241 499 476 420

IOWA 294 281 251 251 299 187 466 444 398

RAND 263 251 225 293 264 218 440 420 372
Total 333 320 286 360 397 274 543 518 463

NOTE: Data are tabulated for just the cases that had a score or a
proxy for the score on each of the scale’s components.
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all the models except IOWA, California inmates had higher predicted
likelihoods of recidivating than did Michigan or Texas inmates. This
pattern is consistent with the California inmates having much higher
post-release arrest and conviction rates than the inmates in the other
two states.

Table 3.5 presents the correlations between the models for the 36-
month cohort in each state. With the exception of the IOWA model,
there was usually a moderate to high correlation between models; ie.,
an inmate who was considered a high risk by one model tended to be
considered a high risk by the other models. The high correlations
between models was most likely due to their using the same or very
similar variables. Almost all of the models considered various aspects
of prior record, age, and drug use.

RELATIONSHIP BETWEEN MODELS AND RECIDIVISM

The Composite Index of Recidivism (CIR) correlated just as well (or
as poorly) with the scores on any particular model as did any one of
the several other recidivism measures investigated. In California, for
example, Greenwood’s model had correlations of 0.24, 0.21, 0.24, and
0.25 with arrests, convictions, incarcerations, and the CIR, respec-
tively.! This general pattern was observed with each of the models

Table 3.4

MEAN SCORE AND STANDARD DEVIATION FOR EACH MODEL
IN THE 36-MONTH COHORT, BY STATE

Model Used Mean Score Standard Deviation
to Predict

Recidivism Calif Mich Tex Calif Mich Tex
FSFS 5.20 5.72 6.28 1.61 1.70 1.65
PWG 3.59 2.31 1.90 1.76 1.50 1.51
CABE 7.40 11.38 10.27 6.37 7.00 6.18
PABLO 15.40 17.94 16.27 3.95 4.11 3.59
IOWA 0.75 0.53 0.41 0.44 0.50 0.49
RAND 30.06 27.06 27.08 5.64 4.32 4.04

NOTE: On all the scales except Greenwood and RAND, the lower
the score, the greater the expected likelihood of recidivism.

11t can be argued on theoretical grounds that logistic regression provides a better indi-
cator of a variable’s accuracy in predicting a dichotomous outcome measure than would



26

Table 3.5

CORRELATIONS BETWEEN MODEL SCORES
IN THE 36-MONTH COHORT

Model Pair Calif Mich Tex
FSFS-PWG .55 43 .49
FSFS-CABE .53 .46 .50
FSFS-PABLO .75 12 .56
FSFS-IOWA .06 .04 11
FSFS-RAND .65 .66 57
PWG-CABE .54 .60 .56
PWG-PABLO .58 .29 .32
PWG-IOWA 11 .06 12
PWG-RAND .66 .63 .56
CABE-PABLO .40 .33 43
CABE-IOWA .23 .35 .31
CABE-RAND .64 .56 .55
PABLO-IOWA .04 .03 .18
PABLO-RAND 70 .67 .65
IOWA-RAND 31 .24 44

NOTE: The scores on each scale were
transformed so that the correlations reflect the
degree to which inmates predicted to be high risk
on one model were predicted to be at high risk on
another model. All correlations over 0.12 were
significant at alpha = 0.05.

tested in each of the nine combinations of cohort and state. For that
reason, the remainder of this chapter focuses mainly on results
obtained with the CIR.

As was illustrated in Fig. 2.8, released inmates had higher CIR
scores in California than in the other states, as predicted by all the
models except IOWA. This finding is consistent with the data in
Table 3.4.

ordinary least squares (OLS) regression. We nevertheless used OLS for all analyses with
such variables. It is simpler and more familiar to most readers. More important, there
was no compelling reason to believe that this choice would affect conclusions because
logistic regression would not substantially increase the estimated strength of the relation-
ship between a predictor and a dichotomous dependent variable. Also, the dependent
variables tended to have similar proportions at both score levels (which is when logistic
regression has the smallest effect on results). In addition, previous research indicates
that both methods tend to yield very similar results when applied to recidivism data
{Gottfredson and Gottfredson, 1984b).



Table 3.6—one of the most important tables in this report—shows
the correlation between the scores on a model and the CIR. These
data indicate that correlations in the 24- and 36-month cohorts tended
to be slightly higher than in the 12-month cohort. One explanation for
this trend is that it may take more than 12 months to arrest the recidi-
vists. An alternative explanation is that the offenders who eventually
recidivate delay their return to crime.

With two exceptions, all of the models had comparable degrees of
accuracy in predicting CIR scores. In Michigan, the PWG and RAND
models correlated higher with the CIR than did any of the other scales.
The other exception is that the IOWA scale generally did not correlate
as highly with the CIR as did any of the other scales. One explanation
for the relatively low predictive accuracy of the IOWA scale is that we
had to use several proxies for its components (see App. E).

The overall level of prediction, while statistically significant, was not
especially high. Table 3.7 illustrates this result with one of the models
that produced typical results. This table shows that 52.3 percent of the
California 24-month cohort had PWG scores of 4 or more. It also

Table 3.6

CORRELATION BETWEEN ACTUAL AND PREDICTED RECIDIVISM
FOR VARIOUS MODELS FOR THE 12-, 24-, AND
36-MONTH COHORTS, BY STATE

Model Used California Michigan Texas

to Predict

Recidivism 12 24 36 12 24 36 12 24 36
FSFS 23 26 22 15 18 17 15 21 22
PWG 22 25 29 26 31 30 15 17 21
CABE 16 23 25 12 18 21 17 21 23
PABLO 22 25 22 10 14 13 15 22 25
IOWA 12 16 14 9 7 9 9 ki 13
RAND? 29 33 35 27 29 29 21 25 28

NOTES: Decimal points are omitted for ease in reading. All correla-
tions were significant at alpha = 0.05, except for the IOWA model. This
model’s correlations were significant with California’s 24- and 36-month
cohort and Texas’s 36-month cohort.

Predicted scores were transformed so that, for all scales, the higher the
predicted score, the greater the likelihood of recidivism. The correlation
between a scale and the CIR was computed only on the cases that had a
score or a proxy for the score on each of the scale’s components.

8The correlations with the RAND model in California (but not the other
states) may have been inflated by the procedures used to construct this
model.
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Table 3.7

PERCENTAGE OF CASES OBSERVED AND EXPECTED BY
CHANCE IN FOUR COMBINATIONS OF PWG SCORE

AND ARREST STATUS: 24-MONTH
COHORT IN CALIFORNIA

PWG Score No Arrests Arrested Total
0to3 16.7 (12.2) 30.9 (35.4) 47.6
4t07 9.0 (13.4) 43.3 (38.8) 52.3
Total 25.7 74.2 100.0

NOTE: Percentages expected by chance appear in
parentheses. The chi-square value associated with this table is
4.17, which is significant at alpha = 0.05.

shows that 74.2 percent of this cohort had a post-release arrest. Given
these data, one would expect by chance that 38.8 percent of the 24-
month cohort would fall in the category of “PWG score of 4 or more—
Arrested” (because 52.3 x 74.2 / 100 = 38.8). In fact, about 43.3 per-
cent of the 24-month cohort fell in this category. Similarly, we would
expect by chance that 12 percent would fall in the combination of
“PWG score less than 4—Not Arrested,” when in fact 17 percent did
so. Thus, overall, the PWG model predicted the arrest/no arrest out-
come about 9 percent better than chance (43.3 — 38.8 = 4.5 and 16.7 —
12.2 = 4.5; and 4.5 + 4.5 = 9.0).

The more detailed categorization of recidivism outcomes and PWG
score levels presented in Table 3.8 puts a better light on this model.
For example, the percentage of inmates who were not arrested was 45
percent among those with PWG scores below 2 (6.4/14.2 = 0.45) but
only 17 percent among those with PWG scores over 3 (9.0/52.4 = 0.17);
ie., a difference of 28 percent. There was a 34 percent difference
between these two risk groups in their incarceration rates. The differ-
ences in recidivism rates for different PWG-defined risk groups are
only slightly smaller than the level of predictive accuracy obtained by
Hoffman (1983) with the FSFS. For example, he found a 39 percent
difference in success rate between released federal inmates with the
lowest and highest predicted risk scores (see App. A).

Thus, the 0.25 correlation between PWG scores and the CIR indi-
cates that there is a nonchance relationship between these measures,
but that this relationship is very weak. Many offenders with the same
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Table 3.8

PERCENTAGE OF CASES OBSERVED AND EXPECTED BY CHANCE
IN NINE COMBINATIONS OF GREENWOOD-PREDICTED
RISK LEVEL AND RECIDIVISM OUTCOME:

IN CALIFORNIA 24-MONTH COHORT

Predicted Arrest but No Some

Risk Level No Arrest Incarceration Incarceration Total

High 9.0 (13.5) 14.6 (15.7) 28.8 (23.2) 52.4

Medium 10.3 ( 8.6) 10.7 (10.1) 12.4 (14.8) 33.5

Low 6.4 ( 3.7) 4.7 ( 4.3) 3.0( 6.3) 14.2
Total 25.7 30.0 44.3 100.0

NOTE: Percentages expected by chance appear in parentheses. The
score values on the PWG corresponding to high, medium, and low risk were
4t07,2to03, and 0 to 1, respectively. The chi-square value associated with
this table is 7.43, which is significant at alpha = 0.05.

predicted score had very different outcomes; and several offenders who
were predicted to have the lowest risk of recidivism were subsequently
convicted of such crimes as murder, rape, and robbery.

The pattern of results in Table 3.8 was present in all three cohorts
and with all the models tested (except IOWA). For example, Table 3.9

Table 3.9

PERCENTAGE OF CASES OBSERVED AND EXPECTED BY CHANCE
IN NINE COMBINATIONS OF FSFS-PREDICTED
RISK LEVEL AND RECIDIVISM OUTCOME:
IN CALIFORNIA 24-MONTH COHORT

Predicted Arrest but No Some

Risk Level No Arrest Incarceration Incarceration Total

High 3.5( 4.1) 4.5 ( 4.9) 8.4 ( 7.5) 16.4

Medium 11.9 (15.3) 17.0 (18.3) 32.8 (28.2) 61.7

Low 9.3( 5.4) 8.0 ( 6.5) 4.5 (10.0) 219
Total 24.8 29.6 45.7 100.0

NOTE: Percentages expected by chance appear in parentheses.
Column totals differ slightly from those in Table 3.8 because some cases
had an FSFS but not a PWG score, and vice versa. The FSFS score values
corresponding to high, medium, and low predicted risk levels were 0 to 3, 4
to 6, and 7 to 10. The chi-square value associated with this table is 8.01,
which is significant at alpha = 0.02.



30

contrasts FSFS-predicted score levels with recidivism outcomes. Some
models, such as the FSFS, were better at predicting who would not
recidivate than who would. Other models were equally accurate at all
score levels.

PREDICTION OF ANNUALIZED ARREST RATES

We examined how well the various models and other factors
predicted two proxies for post-release crime-commission rates: time-
to-first-arrest and annualized arrest rate. These variables were con-
sidered proxies under the assumption that the more often an offender
committed a post-release crime, the sooner and oftener he would be
arrested.

Time-to-first-arrest (the number of days between release and first
post-release arrest) was negatively correlated with annualized arrest
rate. The correlations were —0.39, -0.43, and -0.47 in California,
Michigan, and Texas, respectively. In other words, the offenders who
were arrested soon after release also tended to have relatively high
annualized arrest rates.

None of the six models tested, nor the self-reported crime-
commission rate in the 1978 RAND Inmate Survey (“minimum
lambda”), had statistically significant correlations with time-to-first-
arrest.

Table 3.10 presents the correlations between the models and annual-
ized arrest rate (the number of arrests per year of street time). These
correlations are similar to those between the models and the CIR
presented in Table 3.6, which is not surprising in view of the 0.58 to
0.64 correlation between annualized arrest rate and the CIR. Self-

Table 3.10

CORRELATION BETWEEN PREDICTED RECIDIVISM AND ANNUALIZED
ARREST RATE FOR VARIOUS MODELS FOR THE
36-MONTH COHORT, BY STATE

State FSFS PWG CABE PABLO IOWA RAND

California 17 18 19 18 11 30
Michigan 20 23 18 14 19 27
Texas 24 20 18 25 7 25

NOTE: Decimal points are omitted for ease of reading. All correlations were
significant at alpha = 0.05 except for the IOWA model in California and Texas.
Predicted scores were transformed so that, for all scales, the higher the predicted
score, the greater the likelihood of recidivism. The correlation between a model’s
scores and annualized arrest rate was computed only on the cases that had a
score or a proxy for the score on each of the model’s components.
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reported crime-commission rates from the 1978 RAND Inmate Survey
had correlations of only 0.15, 0.22, and 0.28 with annualized arrest
rates in California, Michigan, and Texas, respectively.

VARIABLES CORRELATED WITH RECIDIVISM

As noted in App. F, the variables that tended to have the highest
correlations with the various recidivism measures in most cohorts and
states were: extent of prior record (e.g., number of previous arrests,
convictions, incarcerations, and number of times on probation and
parole revoked); age at first arrest, first commitment, and release from
prison for current offense (the younger the man, the greater the likeli-
hood of recidivism); history of substance use; and extent of employ-
ment. Each of these variables tended to correlate between 0.10 and
0.20 with a given index of recidivism, regardless of whether the data on
a variable were obtained from self-reports or official records. How-
ever, even when all of these variables were used together, they did not
predict more than 10 percent of the variance on any of the measures of
recidivism.

WHY DIDN’'T THE MODELS WORK BETTER?

The failure of the models to predict recidivism substantially better
than they did was not due to the research procedures employed.

e There were controls on several possible contaminating factors.
For instance, analyses were run separately for each of three
states. This approach enabled us to replicate findings across
states as well as control for possible differences in recordkeep-
ing systems.

e Data were analyzed separately by cohort to adjust for an
offender’s opportunity to recidivate. We also tried, albeit
unsuccessfully, to improve predictive accuracy by conducting
separate analyses for robbers and burglars.

e The number of inmates in each cohort and state was large
enough to detect a relationship if one was present.

e Within each cohort, inmates were not clustered in merely one
or two CIR score levels. Because of this variance, there was
sufficient statistical opportunity to predict the CIR if indeed
scores on a model were related to recidivism. There also was
adequate variance on the other indexes of recidivism that we
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investigated, such as whether an inmate had a post-release con-
viction.

The failure to find higher correlations between recidivism and model
scores was not due to the use of the CIR as the primary outcome mea-
sure. Our preliminary analyses explored relationships between model
scores and several indexes of recidivism, including time-to-arrest, post-
release convictions, and the seriousness of post-release crimes. These
analyses showed that the scores on a model were no more highly corre-
lated with these other indexes than they were with the CIR. Predictive
accuracy also did not appreciably improve (after adjusting for the
number of variables used) even if we combined all the models into one
equation, considered various combinations of other variables from the
1978 RAND Inmate Survey, or transformed the data to different scales
of measurement.

Theoretically, our recidivism measures could be biased by an
inmate’s having no post-release arrests on his state rap sheet but still
having one or more out-of-state arrests. If this happened, we would
consider him a success when in fact he was a failure. However, previ-
ous studies (e.g., Petersilia, 1980) suggest that such migration is the
exception instead of the rule.

The Bureau of Justice Statistics (1986), through the use of FBI
records, found that only 7 percent of a sample of Texas parolees had
an arrest outside of Texas but not inside after their release. This is an
upper-bound estimate of the percentage of recidivists migrating out of
Texas because the BJS sample was restricted to the most mobile por-
tion of the parole population (18-t0-22-year-olds at time of release) and
there was a very long follow-up window (6.5 years). In Michigan, the
rate of out-of-state-only arrests for the same type of sample was 13
percent. The total (in-state plus out-of-state) rearrest rates in the
BJS study for both Texas and Michigan parolees was 68 percent, which
is comparable to our findings. The out-of-state rearrest rate was not
available for California inmates, but we suspect it is quite low because
there are no large urban areas outside of but in close proximity to Cali-
fornia.

In all three jurisdictions, two-thirds of our recidivists were rearrested
in the same communities (let alone states) in which they were sen-
tenced for the crimes that led to their being in the RIS. For the
inmates who did have a post-release arrest on their rap sheet (and
therefore had obviously not migrated out of state), none of the models
predicted which inmates would commit serious post-release crimes.
Nor did the models predict how soon they would be arrested after
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release. Taken together, the foregoing data suggest that migration was
not a major source of a model’s inability to predict recidivism.

If any of the study’s inmates died shortly after release (or were
killed in the commission of a crime) they were recorded as successes
because they had no post-release crimes on their rap sheets. However,
most of these cases were screened out of the study by our not having a
rap sheet for them as a result of a state purging data from its records
upon an offender’s death.

Low predictability also did not appear to be due to the methods used
to replicate a model. In a few instances, self-reported data were substi-
tuted for official record data, or a proxy measure was used instead of
the exact measure specified by the model, or a variable was eliminated
entirely. However, with the possible exception of the IOWA scales, it
is difficult to believe that the use of the variable specified by a model
rather than our estimate of it would have doubled or tripled that
model's predictive power (such as our using only prior prison commit-
ments in the FSFS rather than both prior prison and jail commit-
ments). In addition, there was adequate variation in model scores; i.e.,
all the inmates were not clustered at the high, middle, or low end of
the range of observed scores.

The data we used to compute an offender’s score on a model did not
appear to be much better or worse than the data that are normaily
available to judges and state parole boards. Thus, even if considerably
more resources were devoted to obtaining higher-quality data, the
results in this investigation probably still provide a reasonably accurate
estimate of the level of predictability that would be observed under
normal field conditions in the three states studied.

Finally, even though we initially expected to find higher correlations
than we did, the low level of correlations that were obtained are con-
sistent with other recent research efforts with felony probationers and
prisoners. For instance, Petersilia, Turner, and Peterson (1986) found
that in a sample of California offenders that differed from our sample,
a variety of prior record and background characteristics generally
predicted less than 10 percent of the variance in release outcomes
(after controlling for the number of variables in the prediction model).
The best we could do with any model in any cohort was 10 percent.
Gottfredson and Gottfredson (1984b) conducted a comprehensive
review of the literature on the prediction of criminal activity and found
that the “proportion of criterion variance explained rarely exceeds 0.15
to 0.20; it is often lower” (p. 122).

Attempts to predict recidivism on the basis of an offender’s back-
ground characteristics and past criminal record assume that these are
the major correlates of future criminal behavior. This view ignores the
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very real possibility that unmeasured personal characteristics and
post-release variables (such as the offender’s support systems, cultural
environment, employment opportunities, and degree of parole supervi-
sion) are the primary determinants of recidivism. If so, further efforts
to predict recidivism based on past behavior will not be substantially
more successful than the models tested in this study.



Chapter 4

SUMMARY AND CONCLUSIONS

We undertook the study described in this report to assess the nature
and amount of recidivism among inmates who were released from
prison in California, Michigan, and Texas, and the degree to which
various models could predict which inmates would recidivate. In this
chapter we review the results of this research and discuss their implica-
tions for sentencing policies.

RECIDIVISM RATES

More than 50 percent of the prison inmates in the 1978 RAND
Inmate Survey (RIS) were arrested within three years of their release.
Most of those arrested were subsequently convicted and incarcerated—
often for such serious crimes as murder, rape, kidnapping, assault, rob-
bery, and burglary.

Many of the recidivists were arrested more than once after their
release. The average numbers of arrests per released inmate in the
36-month cohort were 2.63, 1.17, and 1.22 in California, Texas, and
Michigan, respectively. Surveys of prison inmates (Blumstein and
Cohen, 1978; Greenwood, 1982) indicate that they commit about 10 to
20 crimes per arrest. Thus, the 286 inmates in California’s 36-month
cohort probably committed over 10,000 crimes during the three years
following their release from prison (15 crimes per arrest x 2.63 arrests
per inmate x 286 inmates = 11,283).

The estimate of “over 10,000 crimes” is based only on in-state arrest
rates. It does not include out-of-state arrests and crimes; nor does it
include crimes these men would have committed had not many of them
been reincarcerated for new crimes during at least a portion of the
three-year follow-up period. For instance, California inmates had 1.33
arrests per year of “street time” (where a “street year” is 12 months of
time not behind bars). Thus, if many of those who were released had
not been incarcerated for some portion of the three-year follow-up
period, they probably would have committed about 17,000 new crimes
(15 crimes/arrest x 3 years x 1.33 arrests/year x 286 inmates =
17,117).
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STATE DIFFERENCES IN RECIDIVISM RATE

Figure 4.1 shows the recidivism rates by state in the first 36 months
following release from prison. California inmates were much more
likely to be arrested, convicted, and incarcerated after release than
inmates in the other two states. California’s higher recidivism rate did
not appear to stem from differences among states in recordkeeping
practices, because the same pattern of differences among states
appeared in self-reported prior records and there is no reason to believe
that the self-reports were influenced by official recordkeeping practices.

Nor can differences among states in the average extent of prior
records explain most of the disparities in recidivism rates because, as
was shown in Chap. 3, prior record is not an especially good predictor
of post-release criminal activity. In addition, the California inmates
were about the same age as or older than the inmates in the other two
states at time of release, and age is negatively correlated with recidi-
vism. Thus, the differences among states in recidivism rate cannot be
attributed solely (or even mainly) to differences in case miXx.
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Fig. 4.1 — Percentage of inmates in the 36-month cohort who were
arrested, convicted, and incarcerated following their
release from prison, by state



California’s higher recidivism rate may be related to its policy of
waiting longer to incarcerate, to the nature of its rehabilitative and
post-release supervision programs, and to other factors within the
state’s control. In short, state policies may affect recidivism. We sug-
gest further research on this issue to identify policies used by states
that have especially high and low recidivism rates (after controlling for
the seriousness of their inmates’ prior records and other relevant back-
ground characteristics).

PREDICTING RECIDIVISM

We tested five recognized models for predicting recidivism, plus one
of our own. None of them were very effective in identifying who would
recidivate or in predicting two proxies for post-release crime commis-
sion rates (time-to-first-post-release-arrest, and annualized arrest rate).
The predictions generated by any one model were usually only 5 to 10
percent more accurate than those that would be obtained by chance.

Table 4.1 illustrates this low level of predictability with Federal
Salient Factor Scores (FSFS) on the California inmates who were
released for at least 24 months before we generated their rap sheets.
These data indicate that only the 22 percent of the offenders with the
lowest predicted risk had somewhat lower recidivism rates (whether
measured by arrests, convictions, or incarcerations) than the remaining
78 percent of those who were released. However, more than half of the

Table 4.1

PERCENTAGE OF CALIFORNIA INMATES IN THE 24-MONTH COHORT WHO
HAD A POST-RELEASE ARREST, CONVICTION, OR INCARCERATION,
RELATIVE TO THEIR FEDERAL SALIENT FACTOR SCORE
PREDICTED LIKELIHOOD OF RECIDIVATING

Released Inmates

Predicted Percent Percent Percent
Risk Level? Arrested Convicted Incarcerated Number Percent
High 79 57 51 51 16
Medium 81 59 53 192 62
Low 57 31 21 68 22

80n the FSFS, the lower the score, the higher the predicted risk. The FSFS scores
corresponding to high, medium, and low risk are 0-3, 4-6, and 7-10, respectively.
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22 percent with the lowest likelihood of recidivating were arrested and
almost a third were convicted of committing new crimes.

Recidivism is not a random event. Five of the six statistically
derived models predicted better than chance in every state and cohort,
but they did not predict very well; and what little accuracy they did
achieve was usually due to differences in release outcomes between the
few inmates with extremely high versus extremely low predicted scores.

There may, of course, be better models that we do not know about,
but we have our doubts since the ones we tested, including our own,
employed an array of variables purportedly related to recidivism.
Moreover, we tested all the models against several indexes of recidi-
vism (arrests, convictions, incarcerations, time-to-arrest, annualized
arrest rates, and seriousness of post-release crimes). In addition, there
were no anomalies in the data that would appreciably inhibit our abil-
ity to predict. For instance, inmates’ predicted scores varied from very
low to very high, there was ample variation on the dependent variables,
there was no sign of biases in the database, we controlled for elapsed
time between release and follow-up, and we had large samples. Finally,
our findings are consistent with those obtained by most other research-
ers in this field (e.g., Gottfredson and Gottfredson, 1984b).

IMPLICATIONS FOR SENTENCING POLICIES

If it is not possible to predict recidivism rates substantially more
accurately than what we have observed, public safety would be
enhanced but little by implementing a “selective” (as distinct from a
“collective”) incapacitation policy for these inmates. Prison space
could be allocated only slightly more efficiently than it is now by con-
sidering estimates of an offender’s likelihood of recidivating and his
post-release crime-commission rate. Furthermore, before adopting a
selective strategy, jurisdictions would have to decide whether its slight
benefits would offset its cost, especially in light of the ethical concerns
that have been raised about its use (see von Hirsch and Gottfredson,
1983-84).!

The inability to predict recidivism would argue for basing sentence
length and release decisions almost entirely on mechanistic and objec-
tive guidelines that are limited to the gravity of an offender’s crimes,

For example, von Hirsch (1985) has noted the Jogical inconsistency of a criminal jus-
tice system that currently treats juvenile offenders leniently but then, as soon as they
turned 18, would subject them to a selective policy under which they would be treated
more harshly than older offenders even if their past crimes and current offenses were
comparable.
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his prior record, and available resources for corrections. The high rate
of recidivism also would argue for incarcerating inmates as long as pos-
sible to prevent them from committing further crimes, or finding some
other means for preventing post-release crimes.

Incarceration is expensive. Zedlewski (1985) estimates that it costs
about $2,300 to prevent one crime by extending an inmate’s prison
term. This estimate includes operating expenses, capital expenditures,
and what Zedlewski labels “social” costs.

We obtained a very similar figure for Michigan and Texas inmates
using the substantially different estimation procedure described in App.
H. However, because of California’s especially high recidivism rate, the
“cost of a crime prevented by incarceration” in that state would be less
than half of what it is in Michigan and Texas. Neither Zedlewski’s nor
our method considers the possible deterrent effect of longer sentences
on other criminals, nor do the estimates include the cost of apprehend-
ing and convicting offenders. Thus, both estimation procedures under-
value the benefits of preventing crime through incarceration.

It is difficult to assess, in purely economic terms, whether incarcera-
tion costs are worth the benefits derived from preventing a crime. For
example, according to the National Crime Survey (1981), the average
out-of-pocket costs per crime are not high. Only 13.5 percent of all
property losses from robberies exceed $250, only 6.8 percent of all rob-
bery victims suffer injuries requiring medical care, and for about 70
percent of these victims, the cost of care was less than $250. Such fig-
ures do not, of course, reflect the huge costs of a few extreme crimes,
the resources devoted to crime prevention (such as home and business
security systems), the expenses incurred by communities and states in
apprehending and convicting offenders, the disruption of legitimate
personal and business activities, or the severe and lasting emotional
trauma crime can cause.

Our data and a recent study conducted by Petersilia, Turner, and
Peterson (1986) with a different sample of offenders suggests that the
less time an inmate is incarcerated, the greater his subsequent threat
to society. That study also found that probationers as well as inmates
had very high recidivism rates (e.g., 63 percent of the probationers were
rearrested within 24 months of their release to probation), and recidi-
vism rates were even higher for offenders who commit crimes that are
serious enough to warrant their imprisonment.

Taken together, these findings suggest that the longer an offender is
incarcerated, the greater the benefit to public safety (albeit at the
expense of that offender’s freedom and the taxpayer’s purse). For
instance, Cohen (1983a) estimates that incarcerating all robbers for at
least two years would prevent about 8 percent of all the robberies com-
mitted by adults and require about a 7 percent increase in prison popu-
lation.
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Incarcerating more offenders or incarcerating them longer clearly
would reduce crime. However, local, state, and federal governments are
reluctant to allocate the resources that would be needed to take this
step. For instance, Michigan voters rejected a 0.1 percent increase in
state income taxes that was designated for new correctional facilities.
Although citizens clamor for more jails and prisons, they vote down
construction bond issues. Most state prisons are already overcrowded.
In 1983, 21,000 inmates were released early to ease crowding. More-
over, states have not been able to increase prison capacity fast enough
to keep up with felony convictions. The U.S. Government’s General
Accounting Office (1984) estimates that the prison population will grow
by 100,000 inmates between 1985 and 1990, but the Directory of the
American Correctional Association (1985) reports that only 80,000 new
beds will be constructed by that time; i.e., there is an anticipated short-
fall of 20,000 beds (not counting the facilities that have to be closed
because of age and other factors).

POLICY OPTIONS

We conclude that using selective incapacitation to make sentence
length and release decisions will not significantly reduce crime through
more efficient use of existing prison space, but there are two strategies
that might work. One is to mount an information campaign that
would increase society’s willingness to expend the resources necessary
to incarcerate more offenders, incarcerate them earlier in their criminal
careers, and incarcerate them longer. That strategy would seek to
reduce crime by removing likely criminals from the streets. It also
might deter potential offenders from joining their ranks by increasing
the cost of criminal behavior. This option would be even more attrac-
tive if a way were found to reduce the current high costs of incarcerat-
ing offenders.

Recidivism and prison crowding also might be reduced by requiring
very close and prolonged supervision of inmates after their release,
such as through electronic and other monitoring strategies. Targeting
resources on convicted felons would most likely meet legal tests for
fairness because there is ample evidence that, as a group, released
inmates are very likely to commit future crimes.

Mounting and operating such alternatives will require a significant
infusion of additional resources, and to date there are no empirical data
demonstrating their effectiveness. But until either of these options is
implemented, we will continue to allow a relatively large and dangerous
group of known criminals to roam our streets.



Appendix A

FEDERAL SALIENT FACTOR SCORE

DESCRIPTION

The Federal Salient Factor Score (FSFS) was developed by the
United States Parole Commission. It has been used since 1972 to
assess “parole prognosis in conjunction with explicit decision guide-
lines,” and has undergone several revisions. We used the current ver-
sion, SFS81, which became effective on August 31, 1981.

The FSFS “includes six items which when added together produce a
score with a range from O to 10 points. The higher the score, the
higher is the expected likelihood of favorable outcome upon release
(i.e., the lower the probability of recidivism)” (Hoffman, 1983).

Recent studies with the FSFS have illustrated its ability to predict
recidivism. For example, a study by Hoffman (1983) showed that 88
percent of the federal prison inmates in the “very good risk category”
(scores of 8 to 10) had favorable release outcomes as defined as not
having any of the following during the two years after release: a com-
mitment of 60 days or more for a new criminal offense, a return to
prison as a parole or community treatment center violator, a parole
violation warrant outstanding, or killed while committing a criminal
act. The percentage of inmates having favorable outcomes in the good
(score = 6 to 7), fair (score = 4 to 5), and poor (less than 4) risk
categories were 75, 61, and 51, respectively. These results were
obtained with a sample of 2,339 inmates whose data were not used in
the development of this scale. '

VARIABLES

Listed below are the six variables in the FSFS, the values assigned
to different levels of each variable, and how our study modified the
definition of the variables used by the United States Parole Commis-
sion. These changes were made to replicate the FSFS as closely as
possible with the data available from the 1978 Rand Inmate Survey.

The FSFS uses official record data only. Our version of the FSFS
uses self-reported data on Variable 4. On the other variables, we sub-
stituted self-reported data only when official record data were not
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available. With the exception of Variable 4, 4.5 percent of the cases in
California, 13.5 in Michigan, and 12.6 in Texas employed self-reported
data on one or more variables.

1.

Number of convictions/adjudications (adult or juvenile)
Changes: Used adult convictions/adjudications only
Did not consider military convictions
Scoring: None = 3, one = 2, two or three = 1, four or more
=0
Prior commitments of more than 30 days (adult or juvenile)

Changes: Used only prison commitments and assumed that
all were more than 30 days
Scoring: None = 2, one or two = 1, three or more = 0

. Age at current offense/prior commitments

Changes: Used age at time of incarceration

Scoring: 26 years of age or more = 2, between 20 and 25 =1,
and less than 20 = 0. If there were five or more
adult prison commitments of more than 30 days,
then score = 0 regardless of age.

Recent commitment-free period (three years)

Changes: Self-reported commitments during the three-to-
four-year period prior to the Rand Inmate Survey
incarceration (defined as “window period 2 and 3”
in that survey)

Scoring:  No priors = 1, otherwise = 0

. Probation/parole/confinement/escape status violator this time

California and Texas, parole violator only Michigan, proba-
tion parole/escape

Scoring:  If not on probation, parole, or escape status at time
of instant offense, score = 1, otherwise = 0
Heroin/opiate dependence

California, heroin or opiate addict or user Michigan, episodic
or addicted use of habit-forming addictive drugs Texas, self-
reported dependence

Scoring:  No history of dependence = 1; otherwise = 0
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TOTAL SCALE SCORE

The total score on the FSFS (as modified by above) was the sum of
the scores on the six variables.

Table A.1 provides the means, standard deviations, and sample sizes
in each combination of state and cohort on the FSFS.

REFERENCES

P. Hoffman, “Screening for Risk: A Revised Salient Factor Score,”
Journal of Criminal Justice, Vol. 11, 1983, pp. 539-547.

P. Hoffman and J. Beck, “Recidivism Among Released Federal Prison-
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Table A.1

NUMBER OF CASES, MEAN, AND STANDARD DEVIATION ON THE FSFS
IN EACH COMBINATION OF COHORT AND STATE

Number of Cases Mean Score Standard Deviation

Cohort Calif Mich Tex Calif Mich Tex Calif Mich Tex
12-month 324 354 539  5.21 558 6.18 1.63 1.69 1.65

24-month 311 322 515  5.20 566 619 1.64 1.67 1.65

36-month 277 271 459  5.20 572 628 161 1.70 1.65




Appendix B

GREENWOOD SCALE

DESCRIPTION

The Greenwood (PWG) Scale was developed by Peter W. Green-
wood with the assistance of Allan Abrahamse. This scale was con-
structed using self-reported data provided by the California robbers and
burglars who participated in the 1978 RAND Inmate Study. On the
PWG, the higher the score value (up to a maximum of 7), the greater
the expected likelihood of recidivism.

The validity of the Greenwood Scale was demonstrated by Austin
and Krisberg (1986) in a sample of 1,415 Illinois inmates who were
released between 1979 and 1982. Results showed that 24 percent of the
inmates with a score of 0 had an unfavorable outcome; i.e., they were
arrested within 12 months of release. The percentages with unfavor-
able outcomes at the other score levels were as follows: 1, 32 percent;
2, 45 percent; 3, 47 percent; 4, 67 percent; 5, 64 percent; and 6, 70 per-
cent. None of the Illinois inmates had a score of 7.

VARIABLES

The Greenwood Scale consists of seven dichotomous items. If the
variable applied to an inmate, he received a score 1 on that variable;
otherwise, the score was 0. An inmate’s total score was the sum of the

scores on the seven variables. The seven variables used in this scale
are as follows:

1. Incarcerated more than 50 percent of the two-year period preced-
ing the arrest that led to the current incarceration.

2. A prior conviction for the same type of crime as the offense that
led to the current conviction.

3. A juvenile conviction prior to age 16.
4. A commitment to a state or federal juvenile facility.

5. Heroin or barbituate use in the two-year period preceding the
arrest that led to the current incarceration.

6. Heroin or barbituate use as a juvenile.
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7. Employed less than 50 percent of the time during the two-year
period preceding the arrest that led to the current incarceration.

Because we used the same database as Greenwood (1983), no
changes in this scale were required. However, 27.2 percent of the
inmates who participated in the 1978 RAND Inmate Survey did not
provide data regarding one or more of the variables above (and espe-
cially No. 6). All the inmates with missing data were excluded from
the analyses with the PWG.

Table B.1 provides the means, standard deviations, and sample sizes
in each combination of state and cohort on the Greenwood Scale.

REFERENCES

J. Austin and B. Krisberg, Using Early Release to Solve Prison Crowd-
ing: The Illinois Experience, National Council on Crime and
Delinquency, 1986.

P. Greenwood, with A. Abrahamse, Selective Incapacitation, The
RAND Corporation, R-2815-NI1J, August 1982.

Table B.1

NUMBER OF CASES, MEAN, AND STANDARD DEVIATION ON THE PWG
IN EACH COMBINATION OF COHORT AND STATE

Number of Cases Mean Score Standard Deviation

Cohort  Calif Mich Tex Calif Mich Tex Calif Mich Tex
12-month 243 263 402 3.61 2.41 197 178 1.51 1.52
24-month 231 236 383 3.61 2.39 197 1.78 1.50 1.52
36-month 210 196 341 359 231 190 176 150 151




Appendix C

CALIFORNIA BASE EXPECTANCY SCALE

DESCRIPTION

The California Base Expectancy Scale (CABE) was developed by the
California Department of Corrections with the assistance of Don
Gottfredson. The CABE was used in making parole decisions for
several thousand California inmates. Several versions of this scale
were created. We endeavored to replicate Scale BE61C because it was
one of the more recent versions, its variables corresponded closely to
those in our database, and information was available regarding its
predictive accuracy.

The validity of the BE61C version of the CABE was demonstrated
in a study by Austin and Krisberg (1986) with a sample of 1,430 Illi-
nois inmates who were released between 1979 and 1982. This study
reported that none of the 18 inmates with BE61C scores in the 30 to
34 range (lowest predicted risk) had an “unfavorable outcome” (which
was defined as not being arrested within 12 months of release). The
percentages with unfavorable outcomes at higher-risk score levels were
as follows: 25-29, 29 percent; 20-24, 20 percent; 15-19, 31 percent;
10-14, 50 percent; 5-9, 51 percent; and 0-4, 66 percent. Mueller (1962)
reported correlations of just under 0.30 between CABE scores and
parole success.

VARIABLES

The CABE had seven dichotomous (yes/no) variables, all of which
are based on official record data. We used self-reported data in con-
junction with official record data to construct variables 2 and 6. If the
variable applied to an inmate, he received a score on that variable; oth-
erwise, the score was 0. An inmate’s total CABE score is the sum of
the scores on the seven variables. The higher the score, the lower the
expected risk of recidivism. The seven variables used in this scale and
the score assigned to each variable are as follows:

1. No prior record (score = 10).
Score = 10 if there was no prior record; otherwise, score = 0.
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. Limited prior commitment, not more than two jail or juvenile or
one prison commitment.
Score = 4 if not more than two self-reported jail and juvenile

commitments or only one prison commitment as determined by
official records; otherwise, score = 0.

. Homicide, assault, or sex is the most serious current commitment
offense.

Score = 6 if current offense is murder, assault, or rape (including
attempts on all three crimes); otherwise, score = 0.

. Not committed for burglary, forgery, or NSF (not sufficient
funds) checks as the most serious current commitment offense.
Score = 2 if current offense is not burglary or forgery; otherwise,
score = 0.

. Age 30 or over in year of release.

Score = 3 if age in year of release is 30 or over; otherwise, score
= 0.

. No history of opiate use.

Score = 8 if neither official nor self-reported data indicated opiate
use; otherwise, score = 0.

An inmate was considered to have had a history of opiate use if
he reported in the 1978 survey that he used opiates and/or if his
official record indicated that he was classified as having an opiate
problem when entering prison or was under treatment for opiate
abuse while in prison.

. Current offense is first commitment.

Score = 1 if there was no prior prison commitment; otherwise,
score = 0.

Table C.1 provides the means, standard deviations, and sample sizes
in each combination of state and cohort on the CABE.

REFERENCES
D. M. Gottfredson, A Shorthand Formula for Base Expectancy, CDC-

BEG61C, Research Report 5, Research Division, California Depart-
ment of Corrections, Sacramento, July 1962.

D. Jaman, Male Base Expectancy Scoring for Parole Adjustment,

Research Division, California Department of Corrections,
Sacramento, July 1962 (revised March 1969).
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tancies by the California Department of Corrections (1958-1965),
Research Division, California Department of Corrections,
Sacramento, July 1962.

Table C.1

NUMBER OF CASES, MEAN, AND STANDARD DEVIATION ON THE CABE
IN EACH COMBINATION OF COHORT AND STATE

Number of Cases Mean Score Standard Deviation

Cohort Calif Mich Tex Calif Mich Tex Calif Mich Tex
12-month 316 293 540 7.67 11.19 10.18 6.44 7.06 6.25

24-month 303 267 516 757 1131 1014 641 7.18  6.30
36-month 272 221 460 7.40 11.38 1027 637 7.00 6.8

NOTE: Cases in the 12-, 24-, and 36-month cohorts had at least 12, 24, and
36 months, respectively, between the date they were released from prison and the
date the rap sheets were compiled for their state.



Appendix D

PABLO SCALE

DESCRIPTION

The PABLO scale was developed by Pablo Martinez for the Texas
Board of Pardons and Paroles. Texas adopted it in 1983 to evaluate an
inmate’s parole outcome probability. The scale consists of five of the
six variables in the Federal Salient Factor Score (FSFS) scale plus 15
other variables. As with the FSFS, the higher the score on the PABLO
scale (up to a maximum of 30), the lower the expected likelihood of
recidivism.

A 1983 study by Pablo Martinez provides data regarding the rela-
tionship between PABLO scale scores and parole outcome; i.e., whether
the inmate had his parole revoked after release. These data indicate
that 34 percent of the inmates with PABLO scale scores in the 1 to 14
range had a revocation. The revocation rates of inmates with scores in
the 15 to 22 range and the 23 to 30 range were 22 and 10 percent,
respectively. Thus, there was a 24 percent difference in recidivism
rates between the predicted high- and low-risk groups.

VARIABLES

Listed below are the 20 variables in the PABLO scale, the values
assigned to different levels of each variable, and how our study modi-
fied the definition of these variables. These changes were made to
replicate the PABLO scale as closely as possible with the data available
from the 1978 RAND Inmate Survey. Variables marked with an aster-
isk (*) used self-reported data when official record data were not avail-
able. The maximum percentages of cases in California, Michigan, and
Texas that used self-reported data on any of these variables were 4.5,
18.5, and 12.6, respectively.

*1. Number of convictions/adjudications (adult or juvenile).

Changes: Used adult convictions/adjudications only
Did not consider military convictions

Scoring: None = 3, one = 2, two = 1, three or more = 0
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*2.

*4,

*5.

*6.

*7.

*8.

Prior commitments of more than 30 days (adult or juvenile).

Changes: Used only prison commitments and assumed that all
were more than 30 days

Scoring: None = 3, one = 2, two = 1, three or more = 0

Age at current offense/prior commitments.

Changes: Used age at time of incarceration

Scoring: 26 years of age or more = 2, between 18 and 25 = 1,
and less than 18 = 0.

Commitment offense.

Changes: None

Scoring: If commitment offense did not involve auto theft,
burglary, or forgery, then score = 1; otherwise, score
=0.

Number of parole or probation revocations.

Changes: None; however, we mixed self-report and official
record data to construct this variable

Scoring: None = 2, one = 1, two Or more = 0

Drug or alcohol dependence.

Changes: An inmate was considered to have a drug or alcohol
dependence if he reported in the 1978 RIS that he
was dependent on these substances or used them
often, and/or if his official record indicated that he
was classified as having a drug or alcohol problem
when entering prison or was under treatment for
drug or alcohol abuse while in prison.

Scoring:  No history of dependence = 1; otherwise = 0
Self-reported employment history (employment or school atten-

dance for a continuous period for 6 months of the last two
years).

Changes: Employed 50 percent or more during Window 3 or in
school during Window 3.

Scoringg Yes=1;no=0
Education (completed 12th grade or GED).

Changes: None; however, we used self-reports when official
record data were not available.

Scoring: Yes=1;no=0



*10.

*11.

*12.

13.

*14.

*15.

*16.

*17.
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Presence of a release plan that included employment.
We could not replicate this variable.

Number of juvenile incarcerations.

Changes: Used self-report instead of official record data, except
in California, where official record data were avail-
able.

Scoring: None = 1, otherwise = 0

Number of jail terms.

Changes: We used self-report instead of official record data and
made minor revisions to definition of score levels.

Scoring: None to three = 1, four or more = 0

Number of self-reported prior arrests.
Changes: Minor revision to definition of score levels.
Scoring: None to six = 1, seven or more = 0

Probation revoked this incarceration.
We could not replicate this variable.

Number of adult prison commitments.
Scoring: None = 2, one = 1, two or more = 0

Number of adult paroles.
Changes: We used self-report data only.
Scoring: None = 2, one = 1, two or more =0

Number of adult parole or probation revocations.
Scoring: None = 1, one or more = 0

Severity of current offense.

Changes: Because of differences between states in how they
define crimes, there may be differences between how
we and the PABLO scale categorized a given crime.
For example, the PABLO scale scores burglary of a
habitation as 1 and all other burglaries as 2. Because
we could not distinguish between these two types of
burglaries, we scored all burglaries as 1.

Scoring:  Score = 0 if current offense is for homicide, kidnap-
ping, rape, robbery, sex offense, drug sales or habitual
offender.

Score = 1} if current offense is for assault, escape,
weapons, Or arson.

If none of the above, score = 2
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*18. Current offense involved personal injury and/or & weapon.

Changes: We used self-report data in conjunction with offical
record data. For example, if the offender said he hurt
or killed someone during the crime, then scored as

Yes. Also scored all homicides and assaults as Yes.

Scoring: No=1,yes = 0

19. Length of sentence gerved.
Changes: None
Scoring: Zero to five years = 2, six to ten = 1, over ten = 0

Note: Almost all the inmates who participated in the
1978 RAND Inmate Survey and were released in time
for the present study received a score of 2.

20. Major disciplinary action during the 12 months prior to release
from prison for the current offense.

We could not replicate this variable.

TOTAL SCALE SCORE

The total score on the PABLO scale (as modified by the rules
above) was the sum of the scores on the 17 variables we used.

Table D.1 provides the means, standard deviations, and sample sizes
in each combination of state and cohort on the PABLO scale.

Table D.1

NUMBER OF CASES, MEAN, AND STANDARD DEVIATION ON THE
PABLO SCALE IN EACH COMBINATION OF
COHORT AND STATE

Number of Cases Mean Score Standard Deviation

Cohort Calif Mich Tex Calif Mich Tex Calif Mich Tex

12-month 288 319 501 15.39 17.66 16.11 409 410 3.67
24-month 275 290 477 1543 17.90 16.16 4.07 4.02 3.66
36-month 246 241 425 1540 17.94 1627 395 411 3.59
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Appendix E

IOWA SCALES

DESCRIPTION

The 1985 Version of the Iowa Risk Assessment Model provides two
assessments of offender risk: a measure of the general threat to public
safety, referred to as Safety Risk: and a measure of the specific threat
of new violent crime, referred to as Violence Risk. Data used in con-
structing these two scales also are used in classifying an inmate as
being a serious or a nonserious offender. Iowa uses an inmate’s scores
on these scales in making parole decisions.

Analyses with the 1984 version of the Iowa Model (which is essen-
tially identical to the 1985 version) demonstrated its validity in
predicting recidivism. For example, a study by Fisher (1985) showed
that 98 percent of the Iowa inmates in the “excellent” Violence Risk
category had favorable release outcomes as defined as no new charge
for a violent felony during the first two years after release. The per-
centages of inmates having favorable outcomes in the good, fair, poor,
and very poor Violence Risk categories were 94, 91, 51, and 50, respec-
tively. These results were obtained with a sample of 186 inmates,
whose data were not used in the development of this scale. Similar
results were obtained with the Safety Risk scale: The percentages with
favorable outcomes (no new safety crime during the four-year follow-up
period) in the excellent to very poor categories were 100, 94, 73, 51, and
61, respectively.

VARIABLES

Jowa uses six variables to construct three scales: Safety Risk (X),
Violence Risk (Y), and a Serious Offender Classification Scale. The
extensive official description of these variables and how they are com-
bined to form each scale may be obtained from the State of lowa, Sta-
tistical Analysis Center, Office for Planning and Programming, Des
Moines, lowa.

Our modifications of these six variables are summarized below.
With the exception of Variables 2, 3, and 6, 4.5 percent of the cases in
California and 17.4 in Michigan employed self-reported data on one or
more variables. None of the Texas cases used self-reported data.
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1. Current Offense. The offense that led to the current incarceration
is classified in two ways. One classification involves its presumed
“general threat to public safety” (i.e., likelihood of crime being
committed). The other classification is in terms of the violence
of the crime itself. Thus, robbery is rated higher than murder on
the first scale while the reverse is true on the second scale.

For the most part, we defined the crimes as Iowa defined them,
but for some crimes this was not possible. For example, Iowa dis-
tinguished between manslaughter and murder, whereas the three
states in our study considered both as homicides. In addition,
some crimes are defined differently across states. Table E.1
shows how we classified each crime relative to its score value on
each scale.

9. Prior Violence Score. This score attaches a weight to an
offender’s history of prior arrests for violent felonies. Our data-
base only had information about arrests that occurred during the
one-to-two-year period prior to the RAND Inmate Incarceration
(i.e., “Window 3”). Thus, we only applied the Iowa rules for this
scale to official record arrests that occurred during Window 3. In
estimating the date of the arrest, we had to rely on self-reported
data, and we assumed that all arrests in the official record
occurred during the midway point of Window 3.

Crimes were defined as per Table E.1. The score assigned to a
particular crime took into consideration that we were not able to
differentiate between attempts and the actual commission of a
crime. For example, the Iowa Prior Violence Score Scale assigns
a score of 70 to rape, 60 to attempted rape, and 60 to sodomy and

Table E.1
SCALE SCORES FOR VARIOUS OFFENSES

Scale

XY Current Offense

1 0 Weapons

1 1 Theft/larceny/assault

1 3 Sex offense/rape/kidnap/homicide

2 1 Forgery/fraud/auto theft/drug sales/burglary
2 3 Robbery/attempted robbery/arson

NOTE: X - safety risk
Y =~ violence risk



other sex offenses. Because we could not distingish between
these crimes in our database, a score of 63 (70 + 60 + 60)/3 was
assigned to any of the crimes in this category. The values
assigned to each crime type are as follows: 80 homicide, 65 kid-
nap, 63 rape, 60 robbery, 57 arson, and 50 assault.

3. Street Time. This is a weighted measure of the amount of time
the inmate was on the street since age 14. To construct this vari-
able, we estimated the number of days he was incarcerated since
age 14. We did this by adding the number of days incarcerated
during Window 3 period to the number of days incarcerated for
the current offense, to obtain the total number of days incar-
cerated. These days were annualized and subtracted from the
inmate’s age at time of release; 14 was subtracted from this
number and the resulting value was our estimate of street time.
The weights for the various amounts of street time were the same
as those employed by Iowa.

The foregoing procedure produced biased estimates of street time
in the direction of giving older offenders more street time than
was probably warranted.

4. Criminal History Score. Except for the changes noted below, this
score was created in the same way as that employed by lowa.
The changes were as follows:

a. We could not determine the sentence associated with each con-
viction. Thus, we assumed all disposition multipliers were
equal to 1.00.

b. We could not determine “the number of months of street time
from the conviction or incarceration to the current reference
date” (i.e., date of release from the current incarceration).
Thus, we set it to 0.

c. The weights attached to the various crimes are the same as
those used for Variable 3 above, except for the additional less-
serious crimes considered by the Criminal History Score. The
scores attached to these crimes were as follows:

30 burglary
20 drug possession and sales
10 escape

10 habitual offender

d. Street time was calculated as per Variable 3 above.
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5. Escape Score. This score was calculated in the same way as that
employed by Iowa, except that we could consider only escapes
that resulted in a conviction.

6. Substance Abuse Score. Official record and self-reported data per-
mitted us to identify whether the inmate abused drugs and if he
did, which ones. However, our categories of drug use differed
from those employed by Iowa. The drugs we considered and the
scale values attached to them were as follows:

XY

1 1 alcohol use

1 1 opiate or hallucinogen use

2 1 drug problem (amphetamines and barbituates)
4 4 opiate addiction

We considered an inmate to have abused drugs if he reported in
the 1978 survey that he had an addiction problem (e.g., used
heroin often) and/or if his official record indicated that he was
classified as having a problem when entering prison or was under
treatment for substance abuse while in prison.

SCORING

The computation of the Safety Risk, Violence Risk, and Serious
Offender Classification scores was identical to that used by Iowa (Sta-
tistical Analysis Center, 1985). In the Iowa system, the Serious
Offender Classification uses the same variables as are used for comput-
ing the Safety Risk and Violence Risk scores.

Table E.2 provides the means, standard deviations, and sample sizes
in each combination of state and cohort on Iowa’s Serious Offender
Classification Scale. The other two scales did not have statistically
significant correlations (at alpha = 0.10) with our recidivism measures.
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Table E.2

NUMBER OF CASES, MEAN, AND STANDARD DEVIATION OF THE
IOWA SERIOUS OFFENDER CLASSIFICATION SCALE IN EACH
COMBINATION OF COHORT AND STATE

Number of Cases Mean Score Standard Deviation

Cohort Calif Mich Tex Calif Mich Tex Calif Mich Tex

42 42 .50 49

12-month 294 251 466 .78 .53
.42 .42 .50 49

41 .44 .50 49 -

24-month 281 229 444 .77 .53
36-month 251 187 398 .75 .53




Appendix F

RAND MODEL

DESCRIPTION

The RAND model was developed using California data. The
development process involved identifying the variables that had statis-
tically significant correlations with the Composite Index of Recidivism
(CIR). When a given variable was present in more than one form in
our database (e.g., self-reported and official-record prior convictions),
we used the one on which we had the most data across states. Usually
this resulted in using self-reported data. However, the magnitude of a
variable’s correlation with the CIR generally was not affected by
whether it was obtained from official records or seif-reports.

Seven of the 17 variables were dichotomies as a result of how the
data were collected. For example, a RAND Inmate Survey (RIS) ques-
tion asked whether the inmate had ever been on probation prior to his
release. On each of these 7 variables, an inmate received a score of 1
or 2; the higher the score, the greater the expected likelihood of recidi-
vism.

Each of the other 10 variables were cast in the form of trichotomies;
an inmate could earn a score of 1, 2, or 3 on each of these variables.
Again, the higher the score, the greater the expected likelihood of
recidivism. The score levels on a trichotomous variable were selected
80 as to place about one third of the inmates at each score level.

This scoring system was adopted to yieid a simple and readily
understood procedure for calculating an inmate’s predicted score; i.e., a
method that could be understood and used easily by parole boards,
judges, etc. This nod to practicality had no appreciable effect on the
RAND model’s ability to predict. Correlations between a variable and
the CIR were about the same regardless of whether a variable was
truncated or left in its original, continuous form.

VARIABLES

1. Self-reported age at first arrest.

1 = greater than 16
2 14 to 16
3 13 or younger
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10.
11.
12.
13.

14.

Self-reported age at first conviction.
1 = greater than 19

2= 17t019

3 = 16 or younger

Age at release from RIS term.

1 = greater than 30
2 = 25t030
3 = 24 or younger

Self-reported times on probation.

1 = 0tol times
2 = 2to 3 times
3 = 4 or more times

Did inmate report having a prior prison term? 1 = No, 2 = Yes

. Self-reported times on parole.

1 = O times
2 = 1to2times
3 = 3 or more times

Did inmate report a parole revocation? 1= No, 2 = Yes

Self-reported number of felony convictions.

1 = 0 to 1 conviction

2 = 2 to 3 convictions

3 = 4 or more convictions

Official record number of past prison commitments.

1 = 0 commitments
2 = 1 commitment
3 = 2 or more commitments

Was RIS offense a burglary? 1= No, 2 = Yes
PABLO Scale Severity Index value. 1=0,2=1,3=2
Did RIS offense cause injury? 1= No, 2 = Yes

Number of years in prison for RIS term.

1 = More than 2.5 years
2 = 1.5 to 2.5 years
3 = Less than 1.5 years

Did inmate report heroin or barbituate use in Window 37 1 =
No, 2 = Yes
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15. Did inmate report he was employed more than 50 percent of the
time in Window 3? 1 = Yes, 2 = No

16. Self-reported times arrested in Window 3?

1 = 0to 3 arrests
2 = 4to b arrests
3 = 6 or more arrests

17. Did inmate report that he was incarcerated more than 50 percent
of the time in Window 3? 1 = No, 2 = Yes

TOTAL SCALE SCORE

The total score on the RAND scale was the sum of the scores on the
17 variables. Scores could range from 17 to 44.

Table F.1 provides the means, standard deviations, and sample sizes
in each combination of state and cohort on the RAND scale. Table F.2
shows the correlation between each component of the RAND scale and
the CIR in the 36-month cohort in each state.

Table F.1

NUMBER OF CASES, MEAN, AND STANDARD DEVIATION ON THE RAND
SCALE IN EACH COMBINATION OF COHORT AND STATE

Number of Cases Mean Score Standard Deviation

Cohort  Calif Mich Tex Calif Mich Tex Calif Mich Tex

12-month 263 293 440 2992 2698 2712 5.69 429 401
24-month 251 264 420 30.03 2686 27.10 5.73 432 4.01
36-month 225 218 372 3036 27.05 27.08 5.64 432 4.04




Table F.2

CORRELATIONS BETWEEN THE CIR AND VARIABLES IN THE RAND
MODEL FOR THE 36-MONTH COHORT IN EACH STATE

Variable Calif Mich Tex
Age at first arrest 22 17 .09
Age at first conviction .16 .18 NS
Age at release NS 14 .16
Times on probation 19 12 NS
Prior prison term 13 NS NS
Times on parole 17 NS .14
Parole revocations .19 .14 18
Felony convictions NS 17 12
Past prison commitments 17 NS NS
RIS conviction for burglary .20 13 .18
PABLO Scale Severity Index value .28 .14 .20
RIS offense caused injury .23 NS NS
Time served for RIS offense .24 NS NS
Heroin/barbituate use 15 12 .16
Employment in Window 3 .16 NS NS
Times arrested in Window 3 21 .15 .18
Times incarcerated in Window 3 .14 .13 NS

NOTE: NS = not significantly different from 0 (at alpha = 0.05). In a few
instances, a variable’s correlation with the CIR did not meet this criterion as a
result of being truncated.



Appendix G

ADJUSTMENTS FOR SERIOUSNESS

PURPOSE

Preliminary results with the prediction models indicated that they
were not especially effective in identifying which inmates did and did
not recidivate after release from prison. Because of our concern that
this poor performance may have been due to ignoring the seriousness
of crimes committed after release, we decided to explore whether
accounting for seriousness would improve predictive accuracy.

This appendix describes how we measured seriousness and how we
adjusted recidivism scores accordingly. In general, these adjustments
had no effect, but sometimes they either slightly improved or worsened
accuracy.

SCALE DEVELOPMENT

There is no generally accepted method for measuring the seriousness
of a crime. Moreover, existing scales generally require more informa-
tion about the details of a crime than was available in our database.
This situation led us to develop our own scale, using the following
steps:

1. We analyzed data from California’s 1981 Offender Based Trans-
action Statistics (OBTS) for Los Angeles County to determine
the mean sentence length for each of the crime types in our data-
base. Because the Michigan and Texas rap sheets did not dif-
ferentiate between certain crime types (e.g., actual and attempted
robberies), we had to lump certain crimes into one category.
When we did so, we assigned to the category the mean of the sen-
tences for all of the offenders who committed this category’s com-
ponent crimes. For example, the category of “robbery” included
straight robbery, robbery with a gun or injury, and attempted rob-
bery. A total of 1270 offenders were sentenced for robbery.
Their average sentence length was 3.9 years.

2. We applied Step 1 to all crimes except murder and kidnapping.
These two crimes could not be lumped into categories because
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they sometimes entailed life sentences and the death penalty.
This situation led us to consider the severity of these crimes rela-
tive to other crimes as indicated in a report by Zavitz (1983)
regarding the 1977 National Survey of Crime Severity (NSCS).

To do this for murder, we computed the average severity rating of
all the murders on the NSCS scale and the average severity rat-
ing of all of the robberies on this same scale. These averages,
along with the OBTS averages for robbery, were entered into the
equation below in order to obtain an estimate of the average sen-
tence length for murder on the same scale of measurement as was
used for the other crimes.

Estimated Murder Sentence Length =

NSCS Murder Mean
NSCS Robbery Mean

> (OBTS Robbery Mean)

We checked the reliability of the estimate in two ways. First, we
substituted NSCS burglary means for NSCS robbery means to
see whether doing so would yield a similar estimated murder sen-
tence length. Second, we computed and estimated OBTS robbery
sentence length using the equation below to see how closely the
result corresponded to the actual mean OBTS robbery sentence
length. The results of both analyses indicated that the estimation
procedures for murder and kidnapping yielded reasonable values.

Estimated Robbery Sentence Length =

NSCS Robbery
NSCS Burglary Mean

) (OBTS Burglary Mean)

The NSCS average scale value for kidnapping was divided by the
NSCS average scale value for murder. The resulting proportion
was multiplied by the estimated murder sentence length to obtain
an estimated kidnapping sentence length for the three inmates in
the entire 1978 RAND Inmate Survey whose recidivism crime
was kidnapping.

Table G.1 presents the actual (or in the case of murder and kid-
napping, the estimated) average sentence lengths for each crime
type. '



3. We placed the average sentence lengths in Table G.1 on a 0 to 10
point seriousness scale. We did so by dividing 10 by 20.4 (highest
scale value by the highest average sentence length) to obtain a
constant of 0.49. The average sentence lengths for each of the
other crimes was then multiplied by this constant. The final
scale values for each crime also appear in Table G.1.

Table G.1

AVERAGE SENTENCE LENGTH AND CONVERTED VALUE
FOR THE SERIOUSNESS SCALE

Average Converted
Sentence to 10.0
Crime Length Scale
Murder 20.4 10.0
Kidnapping 9.3 4.6
Rape 9.1 4.5
Attempted murder 7.3 3.6
Manslaughter 4.8 2.3
Robbery 3.9 1.9
Assault 3.7 1.8
Arson 2.8 1.4
Drugs 2.6 1.3
Burglary 2.2 1.1
Other felony 2.2 1.1
Other sex crimes 3.8 1.9
Other felony 2.3 1.1
Forgery 2.2 1.1
Weapons 1.7 0.8
Theft/larceny 1.9 0.9
Auto theft 1.9 0.2
Unauthorized use of auto 1.7 0.8
Marijuana 1.7 0.8

NOTE: Average sentence length was converted to 10.00 max-
imum scale score by multiplying the average sentence lengths by
0.49. States varied in how much detail they provided on offense
type; e.g., whether they distinguished between auto theft and theft
in general.
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ADJUSTED RECIDIVISM SCORES

Several types of adjustments were explored. One type of adjustment
involved determining the offender’s most serious post-release crime and
then assigning him the scale value that corresponded to this crime.
For example, if his most serious post-release crime was a robbery, he
would get a score of 1.9, whereas if it was a rape the score would be 4.5.
A second type of adjustment considered not only the most serious
post-release crime, but also the number of post-release arrests, convic-
tions, and incarcerations. We also computed the average seriousness of
his post-release crimes.

Finally, we enhanced the Composite Index of Recidivism (CIR)
values by the seriousness of the post-release crime. This involved mul-
tiplying by 0.10 the scale value of the most serious post-release crime
and then adding this value to the CIR. For example, if an offender was
arrested for robbery (but did not have a conviction for any post-release
crime), then his score would be 1.19. However, if he had a prison
incarceration for robbery, then his adjusted CIR score would be 4.19.



Appendix H

DATA AND PROCEDURES USED TO ESTIMATE
COST OF PREVENTING ONE CRIME
THROUGH INCREASED
INCARCERATION

The formula for computing the cost of preventing one crime through
incarceration is (a x b)/(c x d), where a = mean percentage of a time
period that an inmate spent on the street (i.e., not incarcerated), b =
cost of incarcerating an inmate during this period, ¢ = mean number of
crimes committed per arrest, and d = mean number of arrests per
released inmate during the period.

For example, assume that the period is 12 months (365 days), a =
0.90 (i.e., released offenders spent an average of 329 days on the street
during this period), b = $20,000, ¢ = 15, and d = 0.99. Then the aver-
age cost of preventing a crime in California through increasing all
inmates sentences by one year would be given by:

0.90 years of street time x $20,000 per year in prison - $1.212
15 crimes per arrest x 0.99 arrests per inmate ’

The values for a and d were derived from the results with California’s
36-month cohort. These results are presented in Table H.I.

The following were our reasons for using $20,000 and 15 as the
values for b and c.

Table H.1

MEAN NUMBER OF ARRESTS AND PROPORTION OF TIME ON THE
STREET PER INMATE DURING THE FIRST 12, 24, AND 36 MONTHS
AFTER RELEASE IN THE 36-MONTH COHORT

Proportion of Period
Mean Arrests Spent on the Street

Period Calif Mich Tex Calif Mich Tex

12 months 0.99 0.45 0.50 .90 94 .96
24 months 1.93 0.84 0.90 .85 .88 .89
36 months 2.63 1.17 1.22 81 85 .84
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According to Zedlewski (1985), it costs about $20,000 to house an
inmate for one year. This estimate includes operating expenses and an
allowance for capital expenditures, but does not consider what he calls
the “social” costs of incarceration or the possible economies that might
be derived by using two beds per cell or similar strategies. Self-reports
of prison inmates suggest that on the average, an offender commits
about 10 to 20 crimes for every one time he is arrested (Blumstein and
Cohen, 1978; Greenwood, 1982). We used the average of these two
estimates (15) in our calculations.
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