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Abstract

In this research we present a replication study of an earlier meta-analysis that investigated
the effect of correctional education programs on recidivism. The original study did not
correct for publication bias, so testing for and correcting for publication bias is the focus of
this replication study. Our findings suggest that publication bias may have lead to a modest
over-estimate of the positive effect of correctional education programs on recidivism rates in
the original study, but after correcting for publication bias, the evidence that correctional

education programs are cost-effective remains strong.
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1 Introduction

The literature investigating the effect of prison education and vocational training on recidivism
rates is diverse, and as Kelso (1996, p. 29) observes: “Without the benefit of specific knowledge
of the methods and philosophies employed, it is difficult to draw any definitive conclusions”.
Not only are there different methods and philosophies driving the delivery of different courses,
there are also disparate ways of conducting evaluations of program efficacy, as well as divergent
approaches to reporting evaluation metrics. This heterogeneity complicates the appraisal of ‘what
works’ and frustrates stakeholders, including prison authorities and education funders. Despite
significant differences in study design, primary studies that report quantitative results for the
effect of prison education programs generally report the difference in the recidivism rates between
one or more treatment groups (participating in or completing different types of education and
vocational training) and at least one comparison group. This difference in the recidivism rates
metric in turn provides a common reference point for conducting a structured evaluation of the

literature as a whole.

Recidivism, can, however, be defined in terms of re-offending for a new offence or breach
of parole for a previous offence, and the re-offending may involve being re-arrested, re-charged,
or re-imprisoned. Recidivism is also defined in terms of a follow-up period which might be any
time from release to one or more years since release. Hence, recidivism could be as diverse as a
breach of parole within six months of release from prison or re-imprisonment in the same prison
after five years in the community following a prior period of incarceration. Often the recidivism
measure used simply reflects the record keeping of the justice system or the prison in which
the correctional education intervention is being trialed. In cost-benefit analyses, the choice of
recidivism measure will dictate the dollar benefits of any prison program, including education
and vocational training courses. Re-imprisonment is the most expensive of these recidivism
measures, irrespective of whether it reflects a new offence or a breach of parole (prior offence
with a non-custodial or community corrections sentence period), and this is the most commonly

reported measure. It is also the measure we focus on in this review.

It is valuable to place this study within the context of the findings of earlier systematic
reviews and meta-analyses of the effectiveness of correctional education. The earliest relevant
systematic review is Lipton, Martinson, and Wilks (1975), which is a review of 231 studies of
prisoner rehabilitation programs published between 1945 and 1967, and this review concluded
that prison study did not reduce recidivism. Later reviews by Gerber and Fritsch (1995) and
MacKenzie and Hickman (1998) produced what Wilson et al. (2000) referred to as “equivocal

conclusions with regard to program impacts”.

The meta-analysis by Wilson et al. (2000) of 33 primary studies of correctional education in

U.S. and Canadian prisons concluded that, whilst “program participants recidivate at a lower rate



than nonparticipants”, the included studies were methodologically weak, and hence the results
of the meta-analysis were not definitive. Both Wells (2000) and Chappell (2003) used meta-
analytic techniques in their theses to examine the relationship between correctional education
and recidivism, and both found support for the efficacy of correctional education in reducing
recidivism. MacKenzie (2006), in a follow-up to the Wilson et al. (2000) study, disaggregated
primary studies into various types of education and found all education program types, except
life skills programs, were effective at reducing post-release criminality. In their systematic review
of 571 evaluations of correctional education, Aos, Miller, and Drake (2006) found evidence that

some, but not all programs reduce recidivism.

Most recently, RAND Corporation was sponsored by the U.S. Bureau of Justice Assistance
to re-examine the effectiveness of correctional education in the U.S., by undertaking a methodolog-
ically rigorous meta-analysis. Now known as the RAND report, or Davis report after lead author
Lois Davis, this publication, which we subsequently refer to as Davis et al. (2013), is widely cited
by prison educators in the U.S. and internationally. The meta-analysis included fifty U.S. studies
of the effectiveness of correctional education published in scholarly journals or appearing in the
grey literature over the period 1980-2011. Specifically, the meta-analysis estimated the average
effect size — odds of recidivating — from odds ratios or differences in recidivism rates for treatment
and comparison groups of prisoners and found strong evidence that participation in correctional
education reduced recidivism rates. For included studies, the treatment group was a group of pris-
oners who undertook a course of education or vocational training in prison and were subsequently
released from prison with sufficient time in the community to record recidivism. Courses included
preparation for General Equivalency Development or General Equivalency Diploma (GED) and
successful GED completion (thought to be equivalent to achieving a high school diploma), adult
basic education, vocational training certificate and diploma courses, college-level courses, and

undergraduate and postgraduate university courses.

The Davis et al. study involved a comprehensive search for papers, across both the pub-
lished and grey literature.! Further, as it is difficult for researchers to access recidivism data, and
as both null results and statistically significant results are of interest in the field, it is unlikely
there is a large selection of unpublished papers that were not identified in the literature review.

However, as Gelman and Carlin (2014) discuss, when there are low power studies in the literature

!This search included a comprehensive list of databases and catalogs, including: Education Resources Infor-
mation Center (ERIC); Education Abstracts; Criminal Justice Abstracts; National Criminal Justice Reference
Service Abstracts; Academic Search Elite; EconLit; Sociological Abstracts; Google Scholar; Rutgers Library of
Criminal Justice Grey Literature Database; Vera Institute of Justice; Urban Institute; Washington State Institute
for Public Policy; American Institutes for Research; Mathematica Policy Research; John Jay College of Crim-
inal Justice Re-entry Institute; Justice Policy Institute; Center for Law and Social Policy (CLASP); Juvenile
Justice Educational Enhancement Program; (JJEEP) RTI International; and Manpower Demonstration Research
Corporation (MDRC).



there can still be significant sign and magnitude errors with published studies, and so the issue

of publication bias is not just an issue of possible ‘missing’ studies.

Results for a standard regression publication bias test and a rank based publication bias
test are reported in Davis et al. and for the standard regression based test the null hypothesis of
no publication bias is rejected, but for the rank based test the null of no publication bias is not
rejected. On the basis of the comprehensiveness of the literature search process, and the rank
based test results, no publication bias correction is implemented in Davis et al. Rank based tests
have low power, and so failing to reject the null with this type of test is not a strong argument
against implementing a publication bias correction; especially when the data also fail a widely
used publication bias test, and there are a number of studies where the sample size is small.?
Further, a recent structured review of 128 separate literatures found that in just over half of all
literatures reviewed, the effect size was overstated by at least 100%; and in 34% of cases the
literature overstated the treatment effect by at least 300% (loannidis et al. 2017). In other
words, recent evidence suggests publication bias is widespread across many disparate literatures,
and the inflation of the effect size due to publication bias is substantial. In the specific context
of the effectiveness of correctional education literature, as the evidence regarding the effect of
correctional education on recidivism rates prior to the Davis et al. study was mixed, it is valuable

to investigate the potential role of publication bias in this literature.

In the remainder of the paper we do three things. First, we re-estimate the Davis et al.
model and confirm that we can generate the same results as reported in the original study, when
we used the same data set. Next, we review the same primary literature as used in Davis et al. and
identify what we think are the most appropriate studies and recidivism rate estimates to use in
a meta-regression model and explain our reasoning for selecting these values. Finally, we explore
the role of publication bias and effect size heterogeneity and derive new estimates of the effect of

correctional education programs, corrected for publication bias and effect size heterogeneity.

2 Data and methods

2.1 Data

An overview of the research flow for the replication study is shown in Figure 1, and as can be

seen, the first step was to obtain copies of the same papers reviewed in Davis et al. : these papers

2Similarly, in Bozick et al., (2018), which covers similar ground to Davis et al., it is reported that the meta-
summary of effect sizes fail a publication bias test, but no correction for publication bias is applied. In this case
the justification for not using a publication bias correction is evidence from funnel plots. We argue that evidence
from funnel plot is not sufficient to not use a publication bias correction, when it is known the data fails a formal
publication bias test.



represent the base data set. At the combined data reconciliation step it became evident that
there were several differences between the values used in Davis et al. and the values we identified
as most appropriate. The main reasons for differences between the values used in Davis et al.
and the values we use are: (i) the definition of what should be included as part of a review of
education programs; (ii) whether the effect size should be calculated using the raw proportions
data in the primary study or from regression model information reported in the primary study;
and (iii) the extent of data pooling undertaken to arrive at an effect size estimate. A complete
reconciliation of the values used in this study and the values used in Davis et al. is provided in
Table A.1 of the Appendix. In many cases there is no clear right approach to selecting summary

values, but an overview that argues in favour of the values we use is presented below.

Figure 1: A summary of the steps in the replication review process

Identify and obtain a copy of all
primary studies used in Davis et al.

Author 1 reviews Author 2 reviews
all papers and re- all papers and re-
calculates each effect J L calculates each effect

size for each study size for each study

Review and reconcile all dif-
ferences, between author 1,
author 2, and to the original

L study, and create new data set J

Reproduce original Re-estimate with re- Re-estimate with re-
results with original vised data, both with vised data, allowing for
data and with publi- and without publica- publication bias and

cation bias corrections tion bias correction estimate heterogeniety
( Provide draft replication W

study findings to original au-
L thors for review and comment J

Prepare final manuscript,
incorporating feedback
from original study authors

The study definition used in Davis et al. was agreed with senior staff at the U.S. Depart-
ment of Justice and the U.S. Department of Education and for the study an education program

was defined as a program “that includes an academic and/or vocational curriculum taught by an



instructor, designed to lead to the attainment of a degree, license, or certification. The program
could be part of a larger set of services administered to inmates or it could be a stand-alone
program.” A key reason for this approach was that prisons nearly always offer a range of rehabili-
tation services, regardless of whether or not the inmate is participating in correctional education,
and the approach is a reasonable approach to take. In our review of the primary literature we
identified four studies included in Davis et al. where we felt the education component was a mi-
nor part of much more comprehensive and substantial prisoner rehabilitation programs, or were
studies of education more generally rather than specific evaluations of prison based education and
training programs. These studies were: Castellano (1996), Lattimore (1988), Nally (2011), and
Van Stelle (1995). Understanding the impact of more comprehensive prisoner rehabilitation pro-
grams is valuable; but in our view these studies are not relevant to a review of the effectiveness of
specific prison education programs. As such, we exclude these four studies from the final database
we use to estimate the publication bias corrected impact of correctional education programs on
recidivism rates. A potential risk with our approach is that we have only identified those studies
where other rehabilitation services are explicitly mentioned in the paper. We acknowledge that
general rehabilitation programs are available in prisons, but for the studies we exclude we think

the education component to be small.

For studies based on controlled trials, or studies based on matched data samples, estimating
the effect of prison education programs from the raw recidivism proportions data for each group
is appropriate. However, many of the studies included in the review are not controlled trials
or studies that use matched samples. For these studies, due to the potential for there to be
self-selection bias into the treatment group, calculating the effect size from the raw proportions
data is problematic. For each study that is not a controlled trial, or a study based on matched
samples, the relevant qualifying information is fully, and correctly documented in the Davis et al.
supplementary files, but the primary estimates from all studies are included in the main study

meta-analysis. We argue for a different approach.

For primary studies that were not controlled trials or did not use matched samples, typically
the authors used a regression modelling approach to investigate the effect of correctional education
programs. With a regression modelling approach covariates for prisoner attributes are used to
‘control’ for differences in prisoner attributes. As illustrated in Allen (2006) the method of
instrumental variables can also be used to address endogeneity issues associated with self-selection
into education programs. If a primary study uses a regression modelling approach to estimate
the effect of participation in education programs we argue that the regression model results are
preferable to estimates derived from the raw proportions data: at least in theory the regression
model controls for subject heterogeneity. For a number of studies that report both regression

model results and raw proportions data on recidivism rates Davis et al. rely on the raw proportions



data and not estimates derived from the regression model. We prefer effect size estimates derived

from the regression model results reported in primary studies.

To support our view that the regression model results rather than the raw proportions data
should be used we note that in the primary literature whenever a regression modeling approach is
used, the author(s) of the primary study always refer(s) to the results from the regression model
when drawing conclusions, not the raw recidivism proportions data. Using the raw proportions
data can also lead to a disconnect between the central conclusion of a study and the conclusion
that would be drawn based on the raw proportions data. For example, using the proportions data
Davis et al. derive an odds ratio for Lattimore (1988) of 0.58 (95% CI 0.38 to 0.89), which suggests
a large, positive, and statistically significant effect due to participation in education programs.

114

Lattimore (1988 p. 143), however, report: “...as we were unable to establish a link between
vocational training and better post-release employment, we expected to find no differences in
the recidivism of our study groups. Results in this Chapter confirmed this a priori hypothesis
in that we were unable to find any differences (at the a = 0.05 level of significance) in post
release recidivism... for members of the study groups” The primary study reached a conclusion
of no effect, but if the raw proportions data is used the opposite conclusion is reached. This
example demonstrates that at least in some cases it is possible for there to be a substantial, and
practical difference between the effect size calculated using raw recidivism proportions data and
the effect size calculated from a regression model coefficient. We argue that if a primary study
uses a regression model to control for differences in prisoner attributes the effect size based on

the regression model results not the raw proportions data is the correct value to use.

The final difference between the approach used in this study and the approach used in
Davis et al. relates to the extent of data pooling. A number of primary studies reported results
separately for prisoners that participated in an education program and prisoners that completed
an education program. Some studies also reported results for vocational programs separately to
academic education programs. Other studies also reported results at multiple time periods. In
general, the approach taken in Davis et al. was to focus on the results for one-year post-release, or
as close as possible to one-year post-release, and use the details for pooled program results when
pooled information on program type was available. This is a valid approach, but for this study
we prefer to include multiple estimates from a given study, and then use estimation methods
that: (i) control for data dependence across estimates from the same study; and (ii) restrict the
weight to each estimate such that the weight for a specific observation from a study is equal to
the average level of precision for estimates from the study divided by the number of estimates

drawn from that study.

We derive effect size estimates from a variety of primary reporting formats. To standardize

the effect size estimates to a common format, and move between estimates on the odds scale and
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estimates the log odds scale, and derive appropriate variance estimates, we use the routines
available in Re (2013).

2.2 Methods overview

The first step in the modelling approach was to reproduce the original study results using the same
primary data values. When the data are summarised this way it is not possible to reject the null
hypothesis of no publication bias. As such, we next calculate the pooled effect size estimate using
two alternative publication bias corrections. The first method used to correct for publication bias
follows Stanley and Doucouliagos (2014) and involves two steps. First, a weighted least squares
(WLS) meta-regression is estimated where the study estimate standard errors are included as a
covariate. This is the publication bias test step (Egger test), and a statistically significant point
estimate for the standard error covariate is evidence of publication bias. The publication bias
corrected estimates are then derived from the estimate of the intercept of a WLS meta-regression
where the study estimate variances are included as a covariate. Stanley and Doucouliagos (2014)
argue in favour of using the standard errors for the publication bias test and the variance for the

correction based on extensive simulation evidence.

The second method used to correct for publication bias follows Ioannidis et al. and this
method involves deleting from the meta-regression model all studies that are deemed to have low
power to detect a reference effect size, where the reference effect size estimate is derived from a
WLS meta-regression model of published estimates. The logic of this approach is that low power
studies only identify a statistically significant effect when the observed effect size is extreme,
relative to the true population effect, and when such studies are included in a meta-analysis it
results in the overstatement of the true effect size. Gelman and Carlin (2014) referred to this
as magnitude error. Removing low power studies from a meta-analysis therefore results in an

estimate that is ‘corrected’ for the impact of publication bias.

Finally, we note that failing a publication bias tests is a necessary but insufficient condition
to establish that publication bias is an issue. For example, in a simple meta-regression model of
the form estimated in Davis et al. heterogeneity in the underlying effect size estimates can also
result in failure to reject the null of no publication bias. To address this issue we also test for

publication bias in a model that includes covariates for program type.

There is considerable overlap between the econometrics panel data literature, the mixed
effects model literature, and the robust variance meta-analysis literature. For example, the cluster
robust variance estimator for panel data given in Greene (2000, p. 353) is largely analogous to the
within-study correlated effects estimator developed in Hedges et al. (2010), and both estimators

are similar to the mixed effect model with a random intercept for study (Laird and Ware 1982).
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This research lies within the meta-analysis tradition, and as such we use the Hedges et al. notation

and estimator.

2.3 Method of estimation

The research objective is to arrive at consistent estimates of the meta-regression parameters and
valid confidence intervals for hypothesis testing. To achieve this we use the Hedges et al. robust
variance estimator, with both the variance and the degrees of freedom correction recommended
in Tripton (2015). Formally, the meta-regression model we use can be understood as follows. Let
y; denote a vector of length k; > 1 containing the k; study effect size estimates of the effect
of prison education programs on recidivism; and let X; denote the associated matrix of study
design attributes that captures information on aspects of the study such as the type of education
program, the length of study etc. If the y; and X; are stacked it becomes possible to write the

meta-regression model as:

y=XpB+e, (1)

where e is a stacked vector of the e; error terms, each with length %;. There are many possible
approaches to estimating 3 in Equation 1, but a general approach that allows for flexible weighting

structures to reflect information on estimate quality is:

@{ZEWJJ[ZﬂWMy (2)

where consistent estimates of 3 are obtained regardless of the specific form of W, the weight

matrix.

In meta-regression it is common to distinguish between two weighting structures. The first
weighting structure is the fixed effects meta-regression weighting structure, and this weighting
structure considers only the within-study variance. The second weighting structure is the random
effects meta-regression weighting structure and this weighting structure incorporates information

on both the within-study variance and the between-study variance.

For meta-regression with dependent (multiple) effect sizes from a given study, using the raw
inverse variance weighting scheme results in studies with many estimates receiving a large weight.
This in inappropriate. To ensure that studies with a large number of effect size estimates do not

receive excessive weight, in this application the total weight to each study is fixed at the study



level. As such, the fixed effects meta-regression weighting scheme is given as wzfj =1/ kjf;.j, where
1_7.j is the arithmetic average effect size variance estimate across the i estimates from study ;.3
The random effects weighting structure incorporates an estimate of the between-study variance,
and in this application the random effects weights are defined as wf; = 1/k;(0.; 4+ 7?), where 7
is an estimate of the between-study variance obtained from the errors of an auxiliary regression
estimating equation 1 using the fixed effects weighting structure (see equation (14) and equation
(15) of Hedges et al. (2010, p. 46) for details).

Presenting the weighting structures this way highlights two important features of meta-
regression weighting structures. First, as 0.; is primarily a function of primary study sample size,
it is clear that in meta-regression weights are dependent on the sample size of the primary study,
not the number of estimates from that study. Second, as the between-study variance increases,

the weights across studies tend to equalize, and hence estimates tend towards OLS estimates.

In robust, or sandwich variance estimation, the least squares errors associated with each
observation are used to compute the standard errors of 3 (White 1980). The validity of robust
variance estimators is based on large sample theory, where in meta-analysis convergence is in
terms of the number of primary studies not the total number of effect size estimates. In practice,
the use of the raw least squares errors to estimate the covariance matrix results in the system-
atic understatement of estimate uncertainty: standard errors are too small. When using robust
methods it is therefore standard practice to adjust (inflate by some fixed or variable factor) the

variance estimates, and the estimator used in this study can be written as:

-1

-1
J J J

where the e; are the errors associated with estimating equation 1 with the random effects weight-
ing structure, A; is the adjustment matrix for study j used to correct for the underestimation of
standard errors, W, is the same weighting matrix for study j used in equation 2, and X, is the
design matrix for study j. The specific correction used for A; in this analysis is the correction
given in equation (10) and equation (11) of Tipton (2015, p. 379), which in turn is motivated by
McCaffery et al. (2001). Finally, for inference we also rely on the Satterwaite (1946) degrees of
freedom adjustment, as detailed in equation (11) of Tipton (2015, p. 379), and this means that

for every covariate in the meta-regression model there is a unique degrees of freedom adjustment.

3The meta-regression model of Hedges et al. is general enough to accommodate weighting structures that allow
the weights to depend on both the study level precision and the number of observations from each study, but we
prefer the weighting structure used here.
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Estimation relies on Fisher et al. (2017), and the dependent variable in all regression models is

the log odds ratio.

3 Results

The first column of Table 1 provides the results for the direct replication of the original study;
the second column of Table 1 shows the results for the regression based test for the presence of
publication bias; the third column of Table 1 shows the results using the Stanley and Doucouliagos
publication bias correction; and the fourth column of Table 1 shows the results based on the
[oannidis et al. publication bias correction. The first thing to note about the results is that the
direct replication estimate of the overall effect of education on recidivism is very close to that
reported in Davis et al.: odds ratio 0.61 (95% CI 0.53 to 0.70) versus 0.64 (95% CI 0.59 to 0.70)
for the original study. Different software and differences in estimation routines can lead to small
differences in results, but we deem our replication sufficiently close to the original result to be
satisfied.

The second thing to note, which is again consistent with the original study, is that there is
strong evidence of publication bias: the estimate for the standard error covariate is statistically
significant. On the odds ratio scale the two approaches to correcting for publication bias give
the same result (to two decimal places): odds ratio 0.70 (95% CI 0.61 to 0.81). The direct
re-estimation result, corrected for publication bias, therefore suggests that the positive effect of
prison education programs is materially smaller than the headline value reported in Davis et al.
but the positive effect of prison education programs on recidivism is still statistically significant

and substantial.

Table 1: Reproduce original result and publication bias corrections

Base Bias test Corrected 1 Corrected 2
Intercept -.492 -.183 -.350 -.355
(.068) (.101) (.070) (.068)
Standard Error -1.69
(.607)
Variance -2.80
(1.11)
72 116 .094 .100 .087
No. Studies 50 50 50 24

Note: Robust, small sample adjusted standard errors in parenthesis.

Next, we work through the same estimation steps, excluding the four studies identified

as not meeting our inclusion criteria, and where appropriate, replacing study effect size values

11



with those detailed in the appendix. The results are reported in Table 2, and despite a significant
number of differences in the estimates taken from primary studies, and the removal of four studies

from the sample; the results in Table 2 are similar to the results reported in Table 1.

The raw estimate of the effect of participation in an education program on the recidivism
rate is an odds ratio of 0.63 (95% CI 0.65 to 0.72), and it is still not possible to reject the null
hypothesis that publication bias is present. Using the Stanley and Doucouliagos publication bias
correction, the estimated effect of education on the odds ratio scale is 0.75 (95% CI 0.57 to 0.75),
and using the Ioannidis et al. publication bias correction the estimated effect on the odds ratio
scale is 0.72 (95% CI 0.61 to 0.84). So, correcting for publication bias, correcting for studies
that we think should not have been included in the original meta-analysis, and using a different
approach to identify relevant effect sizes in the primary literature does not result in a material
revision to the key finding of the Davis et al (2013) study: prison education and vocational
training programs have a material, statistically significant, and positive impact on recidivism

rates.

Table 2: Revised data and publication bias corrections

Base Bias Test Corrected 1  Corrected 2
Intercept -0.456 -0.293 -.419 -.334
(.060) (.080) (.066) (.076)
Standard Error -.895
(.362)
Variance -.686
(.520)
T2 .083 .066 077 .086
No. Studies 46 46 46 21

Note: Robust, small sample adjusted standard errors in parenthesis.

The reason for detecting publication bias could be that there is heterogeneity in the effect
size due to structural differences between program types rather than a true publication bias effect.
To explore the effect of covariates we limit the effect sizes we include in the sample to estimates
where it was possible to classify responses as either participated in a program or participated
in and completed a program, and also where a single program type was evaluated: academic
fundamentals, which we define as all education programs below post-secondary education; post-
secondary education; or vocational education. We therefore deleted observations that were based
on pooled program results, or multiple program completions, and before proceeding checked the
impact of removing these observations from the sample by re-estimating all models with the
restricted sample. The results for the re-estimation are shown in Table 3, and as the results are
almost identical to those reported in Table 2, we conclude that the removal of these observations

has not had a material impact.
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Table 3: Restricted data and publication bias corrections

Base Bias test Corrected 1 Corrected 2
Intercept -.459 -.285 -.419 -.338
(.064) (.082) (.069) (.080)
Standard Error -.968
(.376)
Variance -.733
(.534)
T2 .083 .064 .076 .080
No. Studies 44 44 44 20

Note: Robust, small sample adjusted standard errors in parenthesis.

For the meta-regression modelling we follow a general-to-specific approach, and first esti-
mate a model that allowed for a main effect for completed versus participated; a main effect for
type of education program; and an interaction effect. The interaction effect is not significant, so

we restrict the remainder of the discussion to models that have main effects only.

In the regression model results the base education type is academic fundamentals, and
the base status is completed the program. The reported regression coefficients are interpreted as
deviations from the base. To understand how the values in Table 4 should be read, consider the
first column of results. The log odds ratio for the effect of completing a basic education program
is -0.33, and this effect is statistically significant. The effect for completing a post-secondary
education program is found as (-.33) + (-.73) = -1.06, and from the standard error associated
with the post-secondary effect variable we conclude that the difference between completing a post-
secondary education program and completing a basic education program is statistically significant.
The effect of vocational education is found as (-.33) + (-.02) = -.35, and from the standard error
associated with this coefficient we conclude that the effect of basic education is not statistically
different to vocational education, but both types of program have a positive effect on recidivism.
The participate only coefficient says that, on average, the log odds ratio for those that complete
a program is .088 less than for those that participate only, but this difference is not statistically

significant.

Next we estimate the regression based publication bias test, and these results are reported
in the second column of Table 4. The results indicate that publication bias is still an issue,
however, by comparing the values in column one and column three of Table 4 it can be seen that
the Stanley and Doucouliagos correction for publication bias has little practical impact on the
estimates. Specifically, for completing a basic education program the log odds change from -.33
to -.31; for post-secondary education the log odds change from -1.06 to -1.03; and for vocational
education the log odds change from -.35 to -.33 (coefficients are deviations from the base, and

hence must be added to obtain the actual effect).
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Table 4: Heterogeneity or publication bias investigation

Base Bias Test Corrected 1 Corrected 2
Basic education complete -.330 -.251 -.314 -.225
(.061) (.064) (.061) (.033)
Post-secondary effect -.729 -.674 =715 -.810
(.124) (.143) (.130) (.113)
Vocational effect -.017 -.007 -.018 115
(.081) (.076) (.080) (.108)
Participate only .088 104 .091 .033
(.085) (.079) (.084) (.092)
Standard Error -.643
(.318)
Variance -.468
(.426)
72 .037 .032 .036 .038
No. Studies 44 44 44 19

Note: Robust, small sample adjusted standard errors in parenthesis.

To implement the lToannidis et al. publication bias correction we set the critical threshold
for detecting an effect at the education type level. This means that we use a different threshold
standard error value for each education grouping. The results for this model are shown in the
final column of Table 4, and for this method of correcting for publication bias the changes are
more notable. For completing a basic education program the log odds change from -.33 to -.22; for
post-secondary education the log odds change from -1.06 to -1.04; and for vocational education
the log odds change from -.35 to -.11.

The raw regression results table does not allow for an easy interpretation of the effect on
recidivism rates, especially in terms of establishing whether a value is statistically different from
zero. To make matters clear, Table 5 presents the point estimate, and the 95% confidence interval
on the odds scale for each education program grouping, for the base model, and the two different
approaches to correcting for publication bias.* As can be seen, across all results the only material
difference is for vocational education when using the Ioannidis et al. publication bias correction,
where the effect changes from a statistically significant and practically important effect to an

estimate that is not statistically different from zero at conventional levels.

To understand why this occurs we looked in detail at the studies excluded from the sample
when the Ioannidis et al. correction is applied. The logic of the Ioannidis et al. correction is that
low power studies will only identify a statistically significant effect when it is extreme, hence low

power studies result in an inflation of the average effect size. To investigate this specific issue we

4Tt makes little difference to the results, but as the complete or participate variable is never significant this
variable is dropped for these calculations.
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Table 5: Odds ratios for the impact of education programs

Academic fundamentals Post-secondary Vocational

Est. 95% CI Est. 95% CI Est. 95% CI
Base model .74 .67 to .82 36 .28 to .47 .74 .65 to .85
Correction 1 .75 .68 to .84 37 .28 to .50 .75 .66 to .86
Correction 2 .81 .76 to 86 36 .28 to .47 91 .72to 1.15

separate studies into those studies that meet the Toannidis et al. measure of acceptable power and
those that do not, and look at the distribution of effect size estimates for these two groups. As can
be seen from Figure 2, across all groups, the mean effect size estimate from studies deemed low
power is always stronger than the mean effect size estimate from studies deemed to have adequate
power; recall lower number on the log odds scale suggests the effect of prison education programs
is stronger. The difference is, however, most pronounced for the vocational education group. It

is also notable that across all three groupings the variance is always larger for the sample of low
power studies.

Figure 2: Density plot comparison: low power v acceptable power studies

Basic academic Post secondary Vocational
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To formally test for difference in the mean effect size across groups we use Bayesian esti-
mation methods. Specifically, we use Kruschke and Meredith (2017) for estimation and the log
odds data are modeled using a t-distribution with uninformative priors; the MCMC chain length
is 10,000, with no thinning; and the burn-in length is 1,000.

For the academic fundamentals comparison of the effect size estimates reported in low
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power versus adequate power studies the 95% Highest Density Interval (HDI) is -0.03 to 0.46;
for the post-secondary education comparison the 95% HDI is -0.34 to 0.41; and for vocational
education comparison the 95% HDI is 0.12 to 0.36. So, on this basis we conclude that only
for vocational education program evaluations is there evidence of a significant difference in the
reported mean effect size between low power studies and studies deemed to have adequate power.

This result is consistent with the result reported in Table 5.

As a final check on the vocational education estimate, we also calculated the simple average
of the effect size and effect size standard error for the five studies with the most precise effect size
estimates. The average across this sample of studies was a log odds ratio of -.024 and average
standard error of .086, which in turn implies an odds ratio not different to one for the five most
precise studies. Overall the evidence suggests that the loannidis et al. publication bias correction
is correctly identifying an effect that is present in only a subset of studies, and this is something

that is not detected when using the Stanley and Doucouliagos correction.

4 Conclusions and qualifications

In this study we have re-examined the literature on the effect of correctional education programs
using both an established publication bias correction method, and a relatively new approach. For
both basic education programs and post-secondary education programs the result is clear. No
matter which publication bias correction method is used, there is still a large and statistically

significant reduction in the risk of recidivism following participation in these programs.

The evidence regarding vocational education programs is less clear. Using the traditional
publication bias correction method, a large, statistically significant reduction in the the risk of
recidivism is found following participation in correctional vocation education programs, but when
the Toannidis et al. publication bias correction is used, the estimated reduction is the risk of
recidivism, while still relatively large, becomes non-significant at conventional reporting levels.

We are however cautious in interpreting this result.

The Toannidis et al. method of correcting for publication bias resulted is a high number of
vocational program evaluations being excluded, and the final model includes only seven studies of
correctional vocational education program. This result suggests there are many low power studies
of vocational education programs, and hence a tendency for statistically significant results to be
outlier observations, but at the same time it also means that the vocational education estimate is
relatively imprecise. This matters in the current context as Davis et al. report that from a cost-
effectiveness point of view, correctional education programs only need to reduce the three-year

reincarceration rate by between 1.9 and 2.6 percentage points to be cost-effective. A reduction
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of this magnitude is completely plausible based on the evidence summarized in this study, even
when the Ioannidis et al. correction is applied. We also note that there is good evidence from
other jurisdictions of a positive effect of vocational education programs, for example, Cale et al.
(2018).

Overall we conclude that for basic education programs and post-secondary education pro-
grams there is strong, clear evidence that the programs reduce recidivism rates, and the reduction
is large enough to have confidence that these program are cost-effective. There is also reasonably
strong evidence that vocational educations programs reduce recidivism rates by an amount that
ensures such programs are cost-effective, but the evidence is not complete, and some additional

work specifically focused on vocational education program evaluation would be valuable.
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A Appendix

Table A.1: Summary of estimate data reconciliation

Paper

Effect size Davis et

al.

Effect size current

study

Current study data and reconciliation

Adams et al. (1994)

Allen (2006)

Anderson (1981)

Anderson (1991)

Anderson (1995)

0.89 [0.77, 1.02]
0.85 [0.67, 1.08

0.96 [0.88, 1.05]

0.91 [0.89, 0.92]
1.17 [0.91, 1.51]

0.37 [0.21, 0.67]

0.69 [0.49, 0.97]

0.92 [0.85 ,1.00]

0.89 [0.77, 1.02]
0.85 [0.67, 1.08

0.96 [0.88, 1.05]

1.15 [0.21, 6.36]
2.90 [0.53, 16.03]

0.37 [0.20, 0.66]
0.40 [0.22, 0.75]

0.22 [0.11, 0.46]

0.76 [0.58, 0.99]

1.08 [0.90, 1.30]
0.67 [0.40, 1.09]
0.84 [0.67, 1.07]
0.94 [0.63, 1.42]
0.81 [0.68, 0.97]
0.86 [0.60, 1.24]

0.88 [0.66, 1.19]

Both sets of results are based on the Table 2 data in the original study. The
results match. The measure is return to prison rates between 14 and 36
months.

Davis et al. results are in conflict with the paper conclusion. We use the two
stage logit model estimates from Table 8 for reconfined. These estimates are
consistent with the author conclusion of no statistically significant results.
Davis et al. use a pooled estimate for participate and complete, which is a
match. It is possible to calculate participate and complete measure
separately. Return to jail for parole violation within/up to 24 months. Values
based on values in the text.

It is not possible to determine the basis for the reported recidivism rates in
Davis et al. Here the Chi-square statistic and associated p-value reported in
Table 2, and the proportion in each group are used. Return to jail within 12
months.

Participation numbers are from Table 3, and Recidivism rates from Table 5.
The difference is due to pooling. Here different education programs types and

participate and complete are treated as separate groups.
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Table A.1: Summary of estimate data reconciliation

Paper

Effect size Davis et

al.

Effect size current

study

Current study data and reconciliation

Batiuk (2005)

Blackburn (1981)
Blackhawk (1996)

Brewster (2002)

Burke (2001)

Castellano (1996)
Clark (1991)

Coffey (1983)

Cronin (2011)

0.98 [0.68, 1.42]
0.84 [0.71, 1.01]
0.38 [0.33, 0.43]

0.81 [0.67, 0.99]
0.42 [0.28, 0.64]
1.05 [0.49, 2.26]

0.73 ]0.65, 0.82]

1.24 [1.12, 1.39]
0.37 [0.10, 1.35 |

0.28 [0.19, 0.41]
0.45 [0.34 ,0.59]

1.20 [0.71, 2.01]

0.69 [0.65, 0.75]

0.98 [0.68, 1.42]
0.84 [0.71, 1.01]
0.38 [0.33, 0.43]

0.81 [0.67, 0.99]
0.43 [0.28, 0.65]
0.73 [0.30, 1.81]
1.46 [0.62, 3.42]
0.73 [0.65, 0.82
1.24 [1.12, 1.39]

0.36 [0.01, 1.31]
0.31 [0.11, 0.89)
0.24 [0.08, 0.69)
0.36 [0.13, 1.01]

0.40 [0.14, 1.14]
NA

0.45 [0.28, 0.71]
0.33 [0.21, 0.52
0.86 [0.41, 1.83]

0.18 [0.02, 1.95]
0.69 [0.39, 1.22]
1.22 [0.70, 2.14]
0.73 [0.67, 0.79]
0.85 [0.77, 0.94]

Both sets of values agree and are derived from the regression results reported

in Table 3.

Values match.

Davis et al. pool the data to create a single group. We separate participate
and complete. Pooled values match with Davis et al.

The values are taken from the regression results Table 2 and 3, Model 3, and
match.

Davis et al. values are one year post release. Data is reported for multiple

years and we use the data for each year.

Not a relevant program evaluation. Data not used.
Davis et al. pool multiple release year data. We use the data for each year

separately.

Davis et al. pool multiple release year data. We use the data for each year
separately.
Davis et al. pool participate (some progress and complete). We calculate

comparisons separately.
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Table A.1: Summary of estimate data reconciliation

Paper

Effect size Davis et

al.

Effect size current

study

Current study data and reconciliation

Davis (1986)

Dickman (1987)

Downes (1989)

Gaither (1980)

Gordon (2003)

Harer (1995)
Holloway (1986)
Hopkins (1988)

Hull (2000)

1.25 [1.12, 1.38]

0.66 [0.48, 0.92]

1.24 [0.49, 3.13]

0.18 [0.04, 0.78]

0.03 [0.01, 0.05]
0.02 [0.01, 0.11]

0.83 [0.70, 1.02 |
0.72 [0.32, 1.60]
0.38 [0.20 ,0.73]

0.42 [0.35, 0.50]
0.40 [0.33, 0.49]

1.130.98, 1.29]
1.22 [1.10, 1.35]
1.23 [1.12, 1.35]
1.18 [1.07, 1.29]

1.15 [1.05, 1.26]
0.59 [0.40, 0.86]
0.66 [0.45, 0.97]
1.48 [0.47, 4.62]

0.50 [0.11, 2.21]

0.28 [0.14, 0.56]
0.28 [0.06, 1.24|

0.83 [0.68, 1.02]
0.75 [0.33, 1.69)]

0.33 [0.12, 0.95]
0.38 [0.18, 0.79]

0.37 [0.19, 0.72]
0.46 [0.33, 0.63]
0.38 [0.28, 0.52]

Davis et al. values are two years post release. Data is reported for multiple

time periods and we use the data for each reporting period.

Davis et al. use data for the end of year two only. We use the data reported
for both years.

We restrict the sample to the data on completed parole successfully or
unsuccessfully, so have a slightly smaller sample relative to Davis et al., and
hence greater uncertainty.

There are two possible control groups. One defined by the author as a
Non-Equivalent Control Group and one defined as the control group. We
follow the primary study and use as the group defined as the Control in the
paper. Values from Table viii and xi.

The paper presents data in a confusing manner, but: (i) the values we use are
consistent with the values used in the text of the paper; and (ii) the Davis et
al. values look like outliers.

Both values are based on logistic regression model 2 results.

Results are essentially the same.

Davis et al. use data for the end of year two only. We use the data reported

for all periods.

Very minor differences, due, we think, to using the participate but did not

complete as the control group, or possibly rounding.
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Table A.1: Summary of estimate data reconciliation

Paper

Effect size Davis et

al.

Effect size current

study

Current study data and reconciliation

Johnson (1984)

Kelso (1996)

Langenbach (1990)

Lattimore (1988)
Lattimore (1990)

0.75 [0.57, 0.98]

0.42 [0.23, 0.74]
0.25 [0.11, 0.59]

0.40 [0.25, 0.62 |

0.58 [0.38, 0.89)
0.66 [0.40, 1.10]

0.88 [0.70, 1.12]
0.84 [0.66, 1.07]

0.54 [0.32, 0.90]
0.52 [0.31, 0.89)

0.44 [0.23, 0.87]

0.40 [0.25, 0.62
0.39 [0.28, 0.54]
0.38 [0.28, 0.52]
0.33 [0.24, 0.45]

0.31 [0.23, 0.43]
NA
0.52 [0.29, 0.95]

Davis et al. use the total sample from Table 1 and Total recidivism rates from
Table 16 to work out proportions. This gives stat. sig result which is in
conflict with the discussion in the paper, eg Table 23 shows no effect from
programs with controls. For both participate and complete vocational we use
the change in R? from Table 23 to calculate an F-value, and then convert this
to an odds ratio.

It has not been possible to identify exactly where the Davis et al. values are
taken from, but here we use the values from Tables 2-5 to create total up to 5
year groups for those that complete v general population for high school,
vocational, and post-secondary.

The difference is due to considering annual survival rates separately rather

than as a pooled group.

Evaluation of a broader program. Data not used.
This is the same data as used in Lattimore (1988), however information on
the pure education part of the program for complete vocation education is

available and we use this data.



GG

Table A.1: Summary of estimate data reconciliation

Paper

Effect size Davis et

al.

Effect size current

study

Current study data and reconciliation

Lichtenberger (2007)

Lichtenberger (2009)

Lichtenberger (2011)

Lockwood (1991)
Markley (1983)

McGee (1997)
Nally (2011)

New York (1992)

Nuttall (2003)

O’Neil (1990)

0.63 [0.54, 0.74]

0.79 [0.67, 0.93]

0.80 [0.68, 0.95]

0.68 [0.32, 1.42
1.00 [0.58, 1.74]

0.25 [0.19, 0.32
0.27 [0.12, 0.59)

0.80 [0.75, 0.86]
0.45 [0.34, 0.59)]

0.80 [0.73, 0.88]

0.31[0.11, 0.89)]

0.58 [0.42, 0.79]
0.63 [0.54, 0.74]
0.70 [0.63, 0.79]
0.73 [0.66, 0.82]
0.69 [0.61, 0.79]
0.61 [0.51, 0.72]

0.67 [0.50, 0.90]
0.86 [0.80, 0.94]

0.71 [0.56, 0.90]
0.77 [0.54, 1.11]

0.98 [0.73, 1.31]
0.68 [0.32, 1.43]
1.00 [0.57, 1.74]

0.25 [0.19, 0.32]
NA

0.80 [0.75, 0.86]
0.45 [0.34, 0.59]

0.81 [0.73, 0.89)

0.31[0.11, 0.89]

Davis et al. use the year two data only. We use the data for each year.

Based on the discussion in the paper we use the total impact information
from Table 10 not the logistic regression values from Table 4. This is
consistent with the model presented in the paper.

Davis et al. use a pooled estimate, we separate out participate (two groups)

and complete into separate categories.

Both values are based on Figure 2 in the paper.

Both values use the no difference ANOVA result to get pooled recidivism
rates.

No difference. Both results are based on the information on p.vi.

The paper studies the impact of education level on recidivism, not the impact
of prison education and vocational programs on recidivism. Data not used.

Both values are based on the proportions data.

Both values are from the proportions data for the comparison No GED on
entry and gain GED relative to did not gain GED.

Both values rely in the same proportions data.
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Table A.1: Summary of estimate data reconciliation

Paper

Effect size Davis et

al.

Effect size current

study

Current study data and reconciliation

Piehl (1995)

Ryan (2000)
Saylor (1991)
Schumacker (1990)

Smith (2005)

Steurer (2003)

Torre (2005)
Van Stelle (1998)
Werholtz (2003)

Winterfield (2009

0.66 [0.52, 0.84]
0.60 [0.37, 0.98]

0.48 [0.34, 0.67]
0.67 [0.49, 0.93]
0.79 [0.54, 1.14]
0.71 [0.43, 1.17]
0.63 [0.39, 1.04|
1.33 [0.71, 2.52]
1.45 [0.66, 3.18]
1.64 [0.77, 3.45]
0.84 [0.55, 1.28]
0.74 [0.54, 1.01]
0.61 [0.44, 0.84]
0.70 [0.54, 0.90]
0.20 [0.12, 0.31]
0.41 [0.18, 0.91]
0.93 [0.81, 1.06]|

0.45 [0.21, 0.95]
0.44 [0.25, 0.78
0.80 [0.63, 1.01]

0.76 [0.63, 0.92]
0.78 [0.65, 0.94]

0.48 [0.34, 0.67]
0.67 [0.49, 0.93]

0.73 [0.49, 1.08]
0.68 [0.40, 1.17]

0.60 [0.36, 1.02]

0.70 [0.50, 0.97]

0.76 [0.57, 1.01]
0.61 [0.44, 0.85]
0.70 [0.52, 0.95]
0.20 [0.12, 0.31]
NA

0.74 [0.64, 0.86]
0.93 [0.81, 1.06]

0.46 [0.21, 1.00]
0.46 [0.24, 0.88]

0.37 [0.15, 0.91]

It has not been possible to identify how the Davis et al. values were
determined. We use the regression results from Table 6, p. 51 for education
alone, and pooled education and vocational education.

Both values rely in the same proportions data.

Both values rely on the Table 1 proportions data.

Both sets of values appear to be based on sample size information from Table
1 and the proportions data from Table 3. There are minor differences in the
values only.

Davis et al. use the raw proportions data, and we use the logistic regression

results from Table 12 for rearrest.

Both sets of values use the re-incarceration data for the three locations.

Both values rely on the re-incarceration data.

An evaluation of a broader rehabilitation program. Data not used.

Davis et al. use a pooled participate and complete group. We include
separate measures for each group.

Davis et al. base the values on proportions data, and we use the values from

the logistic regression models.
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Table A.1: Summary of estimate data reconciliation

Paper

Effect size Davis et

al.

Effect size current

study

Current study data and reconciliation

Zgoba (2008)

0.59 [0.39, 0.88]

0.49 [0.34, 0.71]

Davis et al. use the raw proportions data, we use the change in R? from

Table 3, to calculate F-value, and convert this to an odds ratio.
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