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ABSTRACT

This paper presents a discussion of methods available for conduct~
ing model-based evaluations of treatment-release correcticns programs.
A general model of rearrest patterns over time is described along with
a numerical example illustrating model behavior under altermative
assumptions. Classical and Bayesian methods for the estimation of
model parameterskare reviewed, as are complementary model~based

evaluation procedures.
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MODELS FOR THE EVALUATION OF TREATMENT — RELEASE CORRECTIONS PROGRAMS

I. INTRODUCTION

Within the corrections component of the criminal justice system, a
range of programé aimed at Ehe rehabilitation of selected individuals
has been established. - These programs (including prison, parole, resi-
dential centers for drug offenders, alcohol abuse counsélling, ete.)
all share the following‘feature in common: individuals committed to a
program are subjected to a period of "treatment"; upon satisfactory com-
pletion of the treatment period, these individuals are "released" (hence
the term ""treatment-release program'). Of interest to the officials of
such programs is the event that a randomly chosen program client coﬁmits
an offense after release; the likelihood of this event is termed the
"recidivism proﬁability."

While the conc;pt of a recidivism probability poses no immediate
difficulty, the measurement of recidivism is not an easy task, In a
clever paper, Blumstein and‘Larson (1969) discussed measurement prohlems
which arise from alternative definitions of recidiyism, and from improper
interpretation of sample statistics., If we allow recidivism to refer
solely to the event where a program élient commits an offense after re-
lease, then récidivism cannot be measured directly. |

When an individual commits a crime, there is no guarantee that
(S)hekwill be apprehended. Of éll individuals who commit érimes,'some
fréétiqg}will in fact be arrested by’the police. Placed into the con-

text of a treatment-release corrections program, only those recidivists
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who are rearrested are in fact observed as having recidivated; indeed,
the difference between rearrest levels and true recidiviém levels may
be greater than one might expect (Barnett and Stabile, 1979;. Whether
or not an offender is apprehended depends upon police performance as
well as upon the nature of the offense. Thué, the methods of this pa-
Per will be presented as applied to rearrest patterns over time, as this
is the type of data which is frequently available.

What is found in the remainder of this paper  is a discussion of
methodology for conducting model-based evaluations of treatment—release
corrections progfams. Model-based techniques have proved useful in
evaluating police patrol programs (Larsom, 1975; Kaplan, 1978a), and it
is felt that the advantages provided by the modeling.approachkcan carry
over to the corrections area. We begin with the déscription of a general
model for rearrest patterns over time; the behavior of this model is
examined under alternative assumptions in a numerical example. Classi-
cal and Bayesian estimation methods are presented, followed by a dis-
cussion of model-based evaluation procedures. - The paper concludes with

a brief discussion-of possible extensions to the work reported here.



II.. A GENERAL MODEL OF REARREST PATTERNS

Consider aﬁy corrections program which subjects its clients to e
treatment period after which they are released. Ideally, clients re-‘
leased from treatment return to the community as law ~ abiding citizens.
Realistically, sizeable fractions of program populations are khown to
recidivate. Of those who do recidivate, some are apprehended and re-
arresﬁed. |

In the model to be’presented, we exploit the similarities between
the rearrest process and a branch of probabilistic‘reasoning known 4as

reliability theory (see Chapter 4 in Tsokos (1972), Chapter 13 in

Hillier and Lieberman '(1974).1 Figure 1 depiects our observation of a
corrections program Whichkreleases clients at different points in time;
in total, N clients are released. Of these N‘individuals, some are
rearrested, while the others are not rearrested during the period of
time allowed for observation.

For all clients in the program, our model will measure time accord-

ing to time from individual release, hence all of our arguments are con-

ditioned on reiease occurring at time zero. An observed reerrest is re-
ferred to as a "failure", and the length of time that elapses between an
individual's‘release and failure is denoted as tﬁe "time until failupe".
Hence, the statement "Five failures occurred by the eighth day after
release" is interpreted to mean that five (of N) individuals were re-
arrested within. eight days of the particular day on which they We;e
each individually released. |
Consider an individual who iskreleased from treatment "at time'k
O(tR=‘Q). We are interested in theiprobability that this;same’individual

will be rearrested at some future time t given release at tp= 0. Let
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this probability of failure be denoted by pF(t). In order to derive ex—

pressions for pF(t) and other performance measures, we need to make a few
simplifying assumptions.
(i) All individuals fail independently of each other.
(i1) Pr {any client fails in (t,t + dt)|ultimate failure,
but not in (0,t), tp = 0}
= ¢(t|F)dt.
(i1i) Pr {any client does not fail in (t,t + dt)|ultimate
failure, but not in (0,t), tR = 0}
=1~ ¢(t|Padt.

(iv) The fraction of the population that will ultimately
fail is given by r; 0 < r < 1.

From reliability theory, it is well known that these assumptions
determine the conditional probability of failure by time t given tR =0
and ultimate failure to be (Hillier and Lieberman, (1974))

t
f(b(xlF)c}x
pp(t|F) =1 -e™° . >0 (D)

subject to:

(1) ¢[F) > 0¥t >o0.
(1) j' d(t|F)dt = o
' [o)

The unconditional probability of failure by time t after release, pF(t),

is then given by

t
f(b(xlF)dx
pp(t) = r(l - e © ). £>0  (2)
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It is apparent that the behavior of this model is completely de-
pendent on the nature of the function ¢(t|F). This function, which is

referred to as the hazard function, dictates the probability of failure

in the next time instant for those clients who have yet to fail but will
ultimately fail. Several functions come to mind for ¢(t|F). These are
shown in Figure 2. Curves of Type I are of the form ¢(t|F) = Aj; such an
assymption implies that pF(tIF) will take on the simple negative exponen—
tial distribution. Stollmack and Harris (1974) studied this model, they
also assumed that the fraction of utlimate failures was equal to one, a
rather restrictive assumption. Maltz and McCleary (1977) studied rhis
model without the r = 1 assﬁmption. Both of these models will be examined
later on in this paper.  Type 1II and Type III curves involve increasing

or decreasing propensities to be rearrested over time. Some of these
curves can be formulated as ¢(tlF) = aBtB—l, which implies that pF(tlF)
takes on the Weibull distribution (Freund, 1971:117); a model of this

sort is illustrated later on. A more complicated model involving an
exponential - type hazard function is discussed by Bloom (1978). In the
appendix, we show that Bloom's model performs equivalently to the Maltz-
McCleary model. Hence, Blosm's model will not be reviewed. Of course,
plausible arguments for more complicated curves such as Types IV and V

can be made; these would lead to still more complex forms for pF(tIF). The
choice of an appropriate fupction for ¢(t|F) 1s a data analysis question not
pursued in this paper; since there is no one correct function ¢(t|F) which
‘works for all situations, the results which follow will be notated for

the general case.
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Performance Measures for the General Model

(4) Ultimate»Probability of Failure: o

The ultimate probability of failure, r = pF(m), is directly esti-
mated along with whatever parameters accompany the hazard function ¢(t|F);

this estimation problem is discussed in Section IV.

(ii) Expected Time Until Failure: EF

We have already computed the unconditional probability of failure
by time t to be

t ‘
f(b(xlF)dx
pF(t) = r(l ~ e“O ).

Differentiating this expression with respect to time from release pro-
_vides us with the pseudo — pdfz for clientg' individual times until
failure

: t
[ oexlpyax
£, (t) = rqs(t]F)e"O . t> 0 (3)
F

The expected time until failures for ultimate failures is thus formulated

as

<]

- l k
Tty =T b[-t ftF (t)dt. ' (4)

Note that unless r = 1, the unconditional expected time until failure

is infinite,. since

E(time to failure) = E(time to failure|ultimate failure).Pr {ultimate failure}

+ E(time to failure{ultimate success) +Pr {ultimate success}



]
ct
R
+

8
~
[y

1
H
L

(iid) Median Time Until Faillure: tF( 5)

The median time until failure for ultimate failures is given by

the equation

tre. 5y = pF‘l(.sr). (5)

This is the time by which 50% of all eventual rearrests will have

occurred.

%*
(iv) Safety Time: ¢t (&)

%
The performance measure t (€) satisfies the equation

% * : g
Pr {individual fails in (t ,*)|didn't fail in (0,t) and £ =0} = €;

and hence defines the safety time at risk level £ (see Bloom (1978)). In-

tuitively, if one wishes to observe a client after release until the re~
arrest probability of that client is less than or equal to €, then one

) %
must observe that client for at least t (g) time units after release &t

t, = 0. The safety time is found by solving

R
* -1, r~¢€
= e < g < r.
E® mpy (G, 0<es<r (6)
(v) Probability Mass Function of the Number of Rearrests: Pn(t)

Recall that by assumption, all individuals fail independently of

one another. Since the probability of failure by time t given release
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at tp = 0, pF(t), applies to any client, the probability that exactly
n individuals have failed by time t is given by the well known bi-

nomial pmf
B (t) = (g) [pp() 11 - py(e) 1" ™ @)

n=20,1,..,N

t >0,

Note that the probabilities

P (») = (N rn(l - r)N—'n
a n
n=20,1,..,N (8)

t>0

may be interpreted as long run ﬁrobabilities of failure, in that equa—
tion (8) determines the probability distribution of the ultimate failure

population.

(vi) Ixpected Number of Failures: n(t)

The expected number of failures that have occurred by time t is

Simply
n(t) = Npy(t). - (9)

since n(t) is a binomially distributed random variable.

(vii) Vériance of the Number of Failures: ‘Ui(t)

This measure is also easily obtained; it is given by
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o (£) = Npg(e) (1 = py(£)). (10)

It is interesting to note that sipce 0 f_pF(t) <1, ci(t) will achieve

a maximum when ﬁF(t) = 1/2. This implies that ﬁegardless of the functional
form of pF(t), the maximum achievable variance of this model is equal to
N/4. Under the conditions of this model, at worst one can be 95% certain

that the observed number of failures by any time t is within *v/N of E(t).

(viii) Gausian Approximation to Pn(t): fn(t)(x)

Most correctional programs involve a large number of clients. In
such situations where N is large, the calculations of Pn(t) are both tedious
and perhaps unrewarding. However, if N is sufficiently large (i.e., if
NpF(t) and N(1 - pF(t)), are both greater than 5 (Freund, 1971:177)),4
one may approximate the discrete binomial distribution of n(t) by a
Gaussian distribution with mean n(t) and variance Uﬁ(t). If we allow the
interval {z - 1/2, n + 1/2] to represent the integer number of failures n,.
then the number of failures whi¢h occur by a given time t may be approxi-
mated as a continuous random variable with pdf

- a(t)'z‘

} X
/21 o (t) ° -

f {x) = 1
n(t) ; on(t) VZm

‘ - (1)
- 0 < 3% <,oo’
- The corresponding steady state pdf is obtained by setting t = « in the

above formulation. TFor large values of N, thes& distributions fn(t)(x)

will be ‘quite accurate.
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(ix) Time by Which the Probability of Failure Equals k/N: Tk'

One may also be interested in the time until the kth failure.
While there 13 no theoretical problemvformuléting'the expected time until
the kth failure given that at least k failures ultimately occur, the
computations imnvolved are prohibitively difficult. To gain some in-

dication of the timing of rearrests, it seems reasonable to examine

T =10 (k). | (12)

This statistic reports the time by which the probability of failure equals

k/N; we will use T. in Section V to compute fractile times until failure

k
for ultimate failures.

In summary, this section has presented a general model which can
provide a framework for analyzing rearrest patterns over time., Having
discussed this model, it is useful to examine the differences in model

performance that result from the choice of alternative hazard functions.

Such an example is presented in the next section.
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III. AN ILLUSTRATIVE EXAMPLE

Consider a treatment-release corrections program which serves a
client population of N = 100. Suppose that a preliminary review of re-
arrest data has revealed that 25 of the program's 100 élientS'were re-
arrested within 6 months after'releasé (hence pF(6) is estimated to equal
.25). Program officials are committed to evaluate the program after 24
months of exposure data have been collected. The program will be con-
sidered a sueccess if pF(24) < .40, In the meantime, the program staff
would like some indications of the range of rearrest patterns that could
occur over time under alternative assumptions governing the rearrest
process.

Three conjectures are of particular interest to the program staff;

"~ each may be formulated as a model consisted with the data point pF(6) = ,25,

Model 1 (Stollmack-Harris)

Let ¢(t|F) = A, A >0, and assume T

=-1.0.
Model 2 (Maltz-McCleary)
Let ¢(t|F) = g, a > 0, and assume T = 0.5. K

Model 3 (Weibull)

Let ¢(£IF) =0 B tB-l, 0, B > 0, and assume r = 0.5..

The implications of these postulates may be examined in some'detéil.
Table I presents the formulas used to compute the measures associated
with the'models, while Table II reports numerical values for selected
measures.

If we direct our attention to Figure 3, we notice that.the three

models do represent quite different rearrest patterns over time.
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TABLE T

FORMULAS FOR PERFORMANCE MEASURES

PERFORMANCE
MEASURES EQUATION STOLLMACK~HARRIS MALTZ-MCCLEARY WEIBULL
-At ~at —a:B
. pglt) (2) 1-e r(l-e ") r(l - e )
. i
r ~ 1 1 L8 4 L
cH W . L @Pra+p
t.(.5) (5) - ncs L a5 Laes|5
£C by n{.5) -5 n(.5) -Eln(.S) 8
* 1. e(l-r) I 1, e@nld
) (6) N.A. - £ D [— 1 ln(?((-l—_z)l)} B
- -At -at —at?
n(t) 9 N(L-e ") Nr(l - e ) Nr(l - e )
-at —(ICB
) Nr(lk-— e ) Nr(l - e )
oZ(e) (10) N(L - e M)At C er + e %) v (e 4 re OB
T (12) “lga-k -Yna-k i, k|3
k )‘n N an Nr -an(l-ir)e
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TABLE II

NUMERICAL RESULTS

PERFORMANCE : STOLLMACK~HARRIS MALTZ~MCCLEARY WELBULL,
MEASURE (A = .05) (a = ,12) N (@ = .28, B = .50)
r 1.0 0.5 0.5
cF(.S) (months) 13.9 6.0 6.0
tp , 20.0 8.3 255
. .
t (.1)  (months) N.A. 18.3 61.6
*
t (.2) . N.A. 11.6 24,5
. .
t (.3) N.A. 7.1 9.2
* ‘ )
t (.4) N.A. 3.4 2.1
T1 (months) 2.1 0.2 : 0.0
2
T20 4.5 4.3 3.3
T

‘ {
40 10.2 . 13.4 33.0
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Recalling that an evaluation‘is to be performed on the basis of 24 months
of exposure data, the model-based values of pF(24) are useful indices for
shaping prior expectations of program performance. As an example, our
Weibull model demonstrates that even if pF(24) = ,37 < .40, the criterion
set a priori by program administrators, the long run probability of re-
arrest can equal .50. Thus, program success in the short run is not in-
consistent with long run program failure; evaluations of such programs
should take this possibility into account.

If we now consider. the timing of rearfests, some differences in
model behavior are noteworthy. Although the Maltz-McCleary and Weibull
models produce equivalent median times until failure, the Weibull ex~-
pected time until failure is more than three times that of the Majtz-
McCleary model. Of the three models considered, the Maltz—McCleary
model clearly exhibits the most rapid failure process over time for ul-
timate failures; this is best reflected by Figure 3.

Figure 4 presents a graph of the safety time t*(e) versus € for the
Maltz-~McCleary and Weibull models. The Weibull model is clearly conser—
vative in its implications. Only after an arrest-free release of 61.6
months can one be 90% certain that a client will not £ail according to the
Weibull modei, At an equivalent 90Z%Z confidence level, the Maltz-McCleary
model requires 18.3 months of arrest free releases.- |

To examine the uncertainty associated with these models, the
variance of the number of failures is plotted as a functionyof timé in
Figure 5 for each of our three sets of éssumptions. All thrée models
reach the maximum achievable variance of‘N/4,;siqce pF(t) approaches

1/2 as t approaches infinity for the Maltz-McCleary and Weibull models,
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ﬁhile pF(l3.9) = 1/2 for the Stollmack-Harris model.

Finally, Figures 6, 7 apd 8 present the Gaussian approximations to
Pn(t) for t = 6, 24 and ©. At t = 6, all three models are identical.
The distributions are quite distinct at t = 24, with the Stollmack-Harris
model translated the furthest to the right, and the Weibull model the
furthest to the left. As t app¥oaches infinity, the Stollmack-Harris
model produces an infinite spike at n(») = N, Of cou;se, the Maltz-
McCleary and Weibull models reproduce each other for this case.

It is apparent that the behavior of the models can be drastically
different at various points in time. This stems from tﬂe alternative
formulations of pF(t) which in turn depend upon the assumptions gﬁverning
the behavior of ¢(t[F), the conditional hazard function. While the mo-
dels demonstrated here do not by any means exhaﬁst the world of possible
ﬁodels, they do illustrate the different types of model behavior achiev-

able via the specification of alternative hazard functions.
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IV. FESTIMATION OF PARAMETERS FOR THE REARREST MODEL

In order to utilize in practice the general formulation developed
thus far, we need to consider some reasonable techniques for estimating
r and the parametefs of ¢(tlF). To this end, both maximum likelIihood and
Bayesian methods are suggested. The data aggregatiocn scheme presented in
conjunction with this discussion is attributable to Stollmack and Harris
(1974).

Recall our discussion of Figure 1 from Section II. Suppose that of
the N individuals who were released, k have been rearrested by the time
we begin our analysis. 1If we let ti correspond to the time from release
until the {tR failure (i = 1,2,..,k), then the likelihood of observing
these k faillures at the times they occurred under the conditions of our

model 1s given by
t,

J.l ¢(x|F)&x
_k -0 :
L{k, t} = I T ¢(tilF)e . (13)

Similarly, let Tj represent the time from release that the jth

client (j = 1,2,..,N-k) has been observed to remain unarrested. The
probability of observing this combination of the N-k success times is
given by

5
e 7 oxlm ax

‘ _ _ -0
L{N-k, ;5} j1=rl(1 r + re ). (14)

(1)  Maximum Likelihood Estimation

Let ¢(t;$lF) denote the conditional hazard function where * is the
set of parameters contained in this function (e.g. for the Weibull model,

&“¢~£‘= {a, B}), The overall likelihood of observing a particular pattern of
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k failures over time according to our model is given by

£,
S S otk vmax
L{k, N, t, 7|t }e}= Ti rd(t . n[F)EU "
? Yo, _i=]_ i’}d
5

-l S0 (x; ydlmdx]

° |.T. (1-r + rého : ). (15)
i=1

To find the maximum likelihood estimates for r and %, one must solve the

optimization problem

max L{k, N, ks {lr,~w} (16)
T, % '

subject to 0 < r < 1, constraints on Y
A

In general, this is not an easy problem to solve. Maximum likelihood

estimates have been obtained analytically for the Stollmack-Harris model
(Stollmack-Harris, 1974), numericaily for Bloom's model (Bloom, 1978)
and numerically for the Maltz~McCleary model under ﬁhe special condition
 that Tj =T, j=1, 2,..,N~k (Maltz and McCleary, 1977). To obtain
maximum likelihood estimates for more complicated forms of 6(t|F) may

require the use of non-linear programming routines.

(ii)  Bayesian Estimation

In Bayesian analysis, we allow both subjective and objective infor-
métion to play a role in our model (Freuﬁd, 1971: 280-~281). The para-
meters of interest, 'r and %,are not viewed as 5éing fixed and unchanging
as is the case‘with classical techniques such as maximum likelihood esti-
mation. Réther, r and w are assumed to behave as raﬁdom variables with
E,Eriori;probability‘distributions; Theée distributions may be objectively

or subjectively derived.
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Ag an example,’aSSume for the moment that r and % are independént
within the Bayesian scheme ?f things. A corrections program official
might make a series of statements of the form:

"The probability that some fraction not exceedingvr of our clients
will fail is given by F(x)."

These statements may be based on both the past experience of other
programs and personal convictions regarding the likelihood of program
éuccess. This subjective cumulative distribution F(r) is then converted
to a density function by examining successive differences (e.g., F(.1) -
F(.05), F(.15) = F(.1)y ... F(1.0) = F(.95)) and fitting a curve to the
resultant histogram. Such a prior distribution f£(r) is interpreted as the
probability diétribution of ultimate failure likelihoods across the popu-
- lation of programs similar to the one in question. The true value of r
that will actually be observed is treated as a random selection from this
population.

Suppose that a program administrator specified the foilowing valueé

for r and F(x):

x F(r)
2 .10
A .50
.6 .80
.8 .95
1.0 1.00

The prior distribution graphed in Figure 9 would result. This dis~
tribution formally represents prior expectations of ultimate rearrest

probabilities.



- 25 =

f(r)

~' Ll LN
0 2 P 6 8 10 r
ULTIMATE PROBABILITY OF FAILURE

Figure 9
Prior Distribution of the Ultimate
Probability of Failure



—~ 26 -

Let f(r, %) represent the joint prior distribution of r and %. Since
T aﬁd % are now being viewed as random variables, the likelihood function
of equation (15) is nothing more than tbe conditional probability of
having observed a particular rearrest pattern given specific values of r

-

and Y. What we wish to compute is the joint conditional distribution of
v

r and * having observed a particular rearrest pattern characterized by k

failures out of N released clients, and times to failure g, observed success

times I
This posterior distribution of r and P is formulated via the use of
"
Bayes' Rule (Freund, 1971: 280-281)
g(r, |k, N, £, ©) = £(r, YLk, N, t. T|r, Y} (17)

R(k, N, t; T)
[AVIRNA V]

where R(k, N, %, %) is a normalizing constant. The posterior distribution

of r may be found by integrating out over Y
n

h(rlk’ N, (t\:)s ;\E) = w é{ Y é{ g(r, }\pJIky N, }\:’s ;E)dwl°°-dll{1-
1~ n ‘v

(18)
The posterior expected value of r is then found by computing
1 ,
E(r|k, N, £, D = IJ; r h(r|k, N, £, D)dr. (19)

Similarly, the posterior expected values of each of the performance
measures discussed in Section II can be found. Let a generic performance
measure be denoted by M(r, y); the posterior expected value of this

N

measure is given by
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ED)db, .. .dy dr.

1
E[M(z, }&)lk, N, £, T] = r'/(; v :{ wejﬂ:M(r,lb)g(r,;e[k,N,
1 " i ‘v

Now, since thé calculations in the equations of this Bayesian analysis
require nothing more complex than integration, the Bayesian estimates dis—
cussed can be obtained numerically. It would be possible to write a com-
puter program to perform these calculations for any given furiction ¢(t|F),

though the design of such a program has not yet been attempted.
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V. EVALUATION ISSUES

In the introduction to this paper, we stressed the difference that
exists between observed rearrest rates and true recidivism rates. Since
we have not attempted to account for the relative influence the police
have on the rearrest process, the models whiéh have been discussed should
be used in conjunction with controlled evaluatién désigns (see Campbell
and Stanley, 1966) if the comparison of two corrections programs is being
pursued.

The manner in which our model is used for evaluation purposes depends
upon whether the estimation approach chosen is classical or Bayesian. The
differences resulting from these altermative approaches are illustrated
throughout.

The first measure of evaluative interest is the ultimate rearrest
probability r. In general; program success is seen to vary anefsely
with the value of r. 3% It may be established a priori by program oféicials
that one program target is the achievement of an r value less than some
desired tolerance level r*. If r was estimated via maximum likelihood
techniques, then for large N, the null hypothesis HO: r = r* may be tested

using

(21)

-

~ where T is the maximum likelihood estimate of r, and Z is distributed as

a standardized Gaussian random variable (Freund, 1971:329) ,* The rationale
for this test stems from the Gaussian approximation fn(t)(x) discussed in

Section IIL.
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- The Bayesian version of this test would consist of computing the

*
probability that r is truly less than r . This is computed as
*

* P N
Pri{r < r [k, N, t, T} = J.h(rlk, N, t, T) dr (22)
N 3 NN

where h(rlk, N, &, g) is as defined in Section IV. What constitutes an
acceptable likelihood of program success in this instance is a decision
problem for program officials.
| One would also be interested in the average rearrest probability.
To this end, E(r[k, N, &, x) may be found through use of equation (19).
A computed value of E(r]k, N, &, g) < r* is indicative of program success.
The procedure just presented may also prove useful as indicators of
whether or not additional data collection is necessary during the life
.of a program. Suppose that after some initial fixed period of data
collection, k failures out of N releases have occurred. For the classi-
cal procedure, compuce the maximum likelihood estimate T, and substitute
k/n for r* in equation (21). If there appears to be no significant
difference betweenkf and k/N, then perhaps there is no need to continue
collecting data, and resources available for this segment qﬁ the evalua-
tion may be channeled to other evaluation tasks (e.g. interviews with
program clients). The Bayesiaﬁ analogy consists of substituting k/N for
r* in equation (22); if Pr{r < k/le, N, t, T} is relatively large, then
Ny
this may’also be an appropriate signal tobend data collection.
Conversely, if there is a stfong disagreement between the observgd
 fraction of failures and the estimated ultimate fraction of failures,

maybe more data should be collécted, even if the time by which k rearrests

have occurred corresponds to the scheduled completion date for the data
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collection effort. For an example of this sort, data extracted from

Pre-Trial Intervention: A Program Evaluation of Nine Manpower—based

Pre~Trial Intervention Projects revealed that after one year of release

time, 18.3% of all released clients had been rearrested, yet application

of the Maltz-McCleary model to this same data yielded a maximum likeli-

hood estimate of ¥ = .43 (Kaplan, 1978b:23). Sisice £ is almost 2 1/2
times as large as k/N in this instance, it might have been a good idea to
sustain the data collection effort for this evaluation; if models like
those presented here had been available to these evaluators, this finding
could have been discovered during the data collection phase.

If we now consider the case where two programs are being compared
in a controlled environment, a number of our model-based performance
measures may be utilized. Again focusing our attention on the ultimate

probability of rearrest r, the null hypothesis HO: r1 = r, may be tested

using
z = Iy - r2
rl(l - rl) r2(1 - rz)
m + N (23)
: 1 2

where:

Nl, N2 = client populations of the programs;

fl, ?2 = maximum likelihood estimates of the

ultimate failure probabilities;
Z = ' a standardized Géusian random variable.
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As with all of the procedures we have discussed which are dependent upon

(x), this test is valid only if N, and N

the Gausian approximation f 1 9

n(t)
are large (Freund, 1971: 332).
The comparison of two programs from a Bayesian perspective uéing r
commends a more graphic analysis. Essentially, the posterior distribu-
tions of r for each program may be plotted on the game figure; such a
presentation provides a visual method for comparing program performance.
An example of such a plot is shown in Figure 10.
The Bayesian approach does allow for numerical comparisons as well.
The simplest of such comparisons would be to compute the expected posterior
probabilities of ultimate rearrest using equation (19), and check to see
which program produced the lower value. A more meaningful comparison in-

" volves finding the likelihood that one program produced a lower probabil-

ity of rearrest than the other program. If we let

Ay E Ak Ny, £y )
— T
%2 — {k2) st }\iz’ Nz}

where the subscripts denote program one and two, then the expected pro-

bability that 4y < , is computed as
’ ' 1 2
Pr{rl < rzlél, QZ} = .}r hl(rllél)hz(rztéz)drldrz
r,= r.=0 (24)

where h(rl%) is as defined in equation (18). Conversely,

> = : -
Pr{rl rzlél, QZ} 1 Pr{r1.< r2|%l, éz}. If the result of equation
(24) is greater than 1/2, then it would appear that program one has out-

performed program two using r as a performance measure.
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PROGRAM ONE PROGRAM TWO
h(r) ‘

o
ULTIMATE PROBABILITY OF FAILURE

Figure 10

Comparing the Posterior Distributions

of Ultimate Failure Probabilities
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When comparing two programs, the timing of rearrests becomes important.
For example, if two programs produced equivalent values for r, one could

argue that the program with the lesser value for t (or E(EF) if you're

F
a Bayesian) was the more successful since such a program quickly distin~
guishes ultimate failures from the rest of the client population. Indeed, !
Maltz and McCleary recognized this possibility when they wrote that
‘"Knowledge of a program's failure rate can help in matching programs to
participants" (Maltz and McCleary, 1977: 432); in the example presented
here, clients who are felt likely to fail a priori by program officials
could be assigned to the "quick failure given ultimate failure" program
to the benefit of the other program participants (Maltz and McCleary,
1977).
The use of time until failure measures has process implications as
well., In the example concerning the evaluation of pré—trial interven~
tion projects presented earlier, it was found through application of the
Maltz-McCleary model that the median time until failure for ultimate re-
arrests was equal to 462 days; thus the one year data collection effort
terminated before 507 of all ultimate rearrests had occurred! Again, |
had this_calculation been performed, ié could have been seen as a sigqgl, .
to prolong tﬁe data collection phase of the evaluation (Kaplan, 1978b=24)-
To compare the timing of rearrests resulting from two programs with
different client populations, the measure Tk (or E(Tk) for Bayesians) is
aseful. One can examine the fractile times until failure to perform a
relative comparison. Suppose we are interested in the time it takes until
a fraction q of the population of ultimate failures has failed; For both

of the programs béing compared, compute’
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-1

T = = . . = 4 <
kila =n QT ) 1=1,2, 0<q<1 (25

for various wvalues of q between 0 and 1. The values of T, Iq (ox E('l‘k Iq))
i i

are then comparable for similar values of q (note that for q = 1/2,

T y? the median time until failure).

k|a = Ep(.s

The final evaluation measure we will consider for the comparison of
two programs is the safety time t*(s). The values of t* (or E(t*)) as a
function of € may be plotted for each program on the same graph. It is
then possible to c¢heck for dominance. Consider Figurell where t*(s) has “
" been plotted for two hypothetical programs.  Here it is clear that Pro-
gram A dominates Program B, since for any v;lue of €, t*A.< t*B. To
assert with confidence (1-€) that an individual will not be arrested
given that (s)he hasn't failed by t* will always require a longer time
from release for individuals in Program B than for individuals in Program
A. Of course, it is Possib;e for partial dominance to occur; A could dom-
inate B for low values of &, while B could dominate A for high values of
g.  For evalﬁation purposes, dominance over low values of &€ characterizes
a successful program.

It should be’noted that in our discussion of the methods of this
section,; no specific form was assumed for'¢(t|F). in fact, different
hazard functions could be engaged for different programs, and the compara-
tive procedures discussed here could still be invoked.b Also, as mentioned

by Maltz and MeCleary (1977: 432), it is not necessary for programs to

exist for the same length-of time in order to use these techniques.
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t*(e)

SAFETY TIME

RISK LEVEL

Figure 11

Program A Dominates Program B
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YI. SUMMARY AND EXTENSIONS

This paper has analyzed the common structure shared by treatment-
release corrections programs within the framework of rgliability theory.
Having presented a general model of the rearrest process, we examined
the performance of this model ﬁnder alternative assumptions, and illus-
trated appropriate techniques for estimating model parameters. We then
discussed classical and Bayesian model-based evaluation procedures for
uge in both proeess and outcome éituations.

While the substantive focus of this paper has been on models for
rearrest patterns, it should be noted that the mathematics involved are
appropriate for generic failure problems. Thus, if one was interested
in performance measures based on alternative failure patterns over time,
the reliability models of this paper could prove useful. For example,
suppose one wished to judge a program participant as a failure only if
that client was reconvicted. The time until failure would then corres-
pond to the time gntil reconviction. Thus, the models presented here
are responsive to the notion that different fypes of programs may re-

quire different definitions. of client failure for evaluation purposes.
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FOOTINOTES

1Reliability theory addresses problems associated with the failure
of systems (or system components) over time.

o
2The pdf is a pseudo-pdf since .jf ft (t)dt = r, and r is in general
not equal to one. o 5 F

While r is often considered to be a fundamental performance measure,
the model presented by Blumstein and Larson (1971) suggests that 1/l-r
is a more readily interpretable performance measure. The expression
1/1-r represents the number of future crimes committed per individual
after release from treatment in the Blumstein/Larson model; this expres-
sion is very sensitive to changes in the value of r when r is close to
one, :

“It is assumed that the reader is familiar with the procedures of
‘hypothesis testing; a good discussion of hypothesis testing is found in
Chapters 10 through 12 of Freund (1971), '

i

it
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Appendix: Assymptotic Equivalence of the Bloom and Maltz-McCleaxy Models

As mentioned in Section II, Bloom (1978) has proposed a model in-
~wvolving an exponential ha%ard function. We also stated that Bloom's
modei was operationally equivalent to the Maltz-McCleary model. In this
appendix, we will explain why this ié 80.

Bloom did not rely upon the notion of a conditional hazard function
when formulating his model, as he rejected the'assumption that gome
fraction r of the pépulation released could be conceived a priori as
consisting of ultimate failures (Bloem, 1978: 4). Rather, Bloom defined

an unconditional hazard function fpr his model of the form (Bloom,

1978: 6)

o(t) = be 5, b, ¢ > 0 (A1)

In Bloom's model, $(t) représents the likelihood that an individual will
fail in thé next time instant given reiease at tR = 0. Note that Bloom
does not explicitly restrict the application of his hazard function to
ultimate failures.

To obtain an expression.for pF(t) given the hazard function of equa-

tion (Al), the well-khown reliability result of equation (1) may again be

invoked yielding (Bloom, 1978: 6)

b b
“e et

pF(t) =1~ e e b, ¢c>0, t>0 (A2)
This model has some interesting'propefties; foremost among these 1s

the fact that by setting t = = in equation (A2), one arrives at the ex-

pression (Bloom, 1978: 7).
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b

- —

pp®) =1-e® b,c>0 (A3)

Thus, Bloom's model implies that some fraction 1 - e © of the population
released will ultimately fail. Bloom does interpret equation (A3) as

an expression for the "ultimate probability of failure" (Bloom, 1978: 7),
yet he rejects the notion that one may assume the a priori existence of
an ultimate rearrest Erobability r. This distinction is at best artifi-
cial, as ¥ and L ~ e C are both constants.

Recall that for the Maltz-McCleary model, ¢(t|F) = a, a positive
constant. To see how the Bloom model ésymptotically approaches the
Maltz-McCleary model, we will formulate the conditional hazard function
¢(t|F) for Bloom's model, and show that as t approaches infinity, ¢(t|F)
approaches a positive constant. If we define pF(tlF) as the probability

of failure by time t given release at t_ = 0 and ultimate failure, then

R

for Bloom's model,

pF(tlF) =

b

1-e%e
o b, e>0,t>0 (A4)
c

Differentiating (A4) with respect to time from release to obtain £ (t]F),

F
the conditional pdf for time until failure given ultimate failure, yields

e © b,e>0,t20

_ be e
ftF(t]F) =

(A5)
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Now, the probability that an ultimate failure will be rearrested in the

next time instant conditioned on the event that (s)he has not failed by

time t is given by ’

.—h _b_. —-ct
o(t|Pdt = be Fe ©e®® gt
; _b '
1l ~-e ¢ s
..b_ ..I.).. =t
= C cC &
1l ~e e
* B
1-e°©
which algebraically reduces to
b et |
be—Ct e’ e
o(t|F) = b, ¢ >0, t >0 (A6)
b ,
c e—ct
e -1

If we examine the limit of ¢(t|F) as t approaches infinity, we realize
that we cannot evaluate this limit directly since both the numerator and
denominator of (A6) approach 0 as t approaches infinity. Applying

L'HGpital's rule (Purcell, 1972: 562), we obtain

4
v - e
lim ¢(t|F) = lim dt[b; = = (A7)
t t+°°_§_ = =ct
dt[ec e - 1l
= lim [c + be %]
=.c c > 0.

Thus, the conditional hazard function for Bloom's model does approach a

positive constant over time.
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To illustrate the operational similarities between Bloom's model
and the Maltz-McCleary model, we will return to our example of Section
III. First, we impose the same restrictions on Bloom's model as those

that were imposed on the Maltz-McCleary model:

@ py(6) = .2

(ii) pF(w) .50 .

To satisfy restriction (ii), we use (A3) to obtain

b = -c 1n (.50). | (A8)

Substitution of (A8) into Bloom's expression for pF(t) given in (A2)
_‘combines with restriction (i) to produce the result c = .089. Placing
this value for c in equation (A8) yields b = .062. These values of b and
¢ may be used with equation (A2) to produce the results shown in Table AI.
It is evident from Table Al that these models behave in equivalent
i S R

HRence, it is not surprising that Blocom found the performance of his
model and the Maltz—McClear§ model to be operationally equivalent, de-
SPite their mathematical differences (Bloom, 1978: 16). When applied to

the same data set, these two models will produce comparable results.
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TABLE AI

FATLURE PROBABILITIES. FOR THE MALTZ-MCCLEARY, AND BLOOM MODELS:
' THE EXAMPLE .OF SECTION III

Time from Release Maltz~McCleary Bloom

(months) (r= .5 a=,12) (b =~ .062, ¢ - .089)
0 0.00 ' 0.00
6 0.25 o 0.25
12 0.38 0.36
18 | 0.44 0.42
24 ; 0.47 0.46
30 0.49 | 0.48
36 0.49 , 0.49

42 ; 0.50 0.49
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