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ABSTRACT 

This study is an examination of the effectiveness and cost-effectiveness of correctional 

Career and Technical Education (CTE) programs administered by the Windham School 

District (WSD) within the Texas Department of Criminal Justice (TDCJ). The study 

focuses on offenders who took CTE courses in the 2014–2015 school year through the 

first half of the 2015–2016 school year and were subsequently released into their 

communities on parole. The measures of effectiveness included recidivism (measured as 

re-incarceration within TDCJ) and employment (measured as being employed for at least 

one day during the observation period). The study utilized a propensity score matched  

(PSM) control group. CTE program participants had higher employment rates and lower 

rates of recidivism than those in the control group. Program participation resulted in a net 

benefit of $1,067 per participant or $1.54 per dollar spent. This substantial net benefit 

occurred within a relatively short follow-up  (1–2.5 years) and is expected to increase 

with longer follow-up periods. Correctional CTE programs in Texas are effective and 

worth the investment of public dollars. Further, cost–benefit analysis by cluster revealed 

that Occupational Safety and Health Administration (OSHA) Construction had a higher 

than average net benefit ($4,325) and, due to its short duration, could be a good CTE 

course for various incarceration settings, including jails.   
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CHAPTER I 

INTRODUCTION 

Since the 1980s the American criminal justice system has grown at enormous 

rates, increasing 4.5 times between the early 1980s and the mid-2000s. Since 2008, the 

number of incarcerated individuals has begun to fall, but mass incarceration remains a 

significant problem with nearly 3% of adult population currently serving time behind bars 

(The White House, Office of the Press Secretary, 2016).  

Incarceration places a significant human and economic burden on society. It has 

severely negative consequences for offenders, their families, and their communities. The 

negative consequences include reduced employability, increased homelessness, adverse 

health effects for offenders, reduced educational achievement, greater participation in 

foster care, increased criminality for offenders’ children, and urban decay for offender 

communities (McLaughlin, Pettus-Davis, Brown, Veeh, & Renn, 2016; The White 

House, Office of the Press Secretary, 2016). 

In economic terms, McLaughlin et al. (2016) estimated the burden of 

incarceration to be nearly $1 trillion dollars per year. Of that amount, only $91.1 billion 

(9.11%) was borne by the correctional system. The remaining amount was borne by 

society, with offenders and their families carrying nearly half of the total economic 

burden. To address the issue of escalating human and economic costs policy makers are 

increasingly turning to cost–benefit analysis. 
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CHAPTER II 

LITERATURE REVIEW 

Policy makers are faced daily with having to choose between programs and 

policies that demonstrate varying degrees of effectiveness at varying degrees of costs. 

Cost–benefit analysis is a unique method that incorporates both the outcomes and the 

costs of programs into a single measure of program effectiveness. Cost–benefit analysis 

is well suited for choosing those programs with the greatest positive impact because it 

measures benefits and losses that occur for all of the parties who win or lose as a result of 

a program (Boardman, Greenberg, Vining, & Weimer, 2010; Dominguez & Raphael, 

2015). In the field of corrections, the affected parties include crime victims, offenders, 

and their communities; the criminal justice system; healthcare systems; the child welfare 

system; and society at large. Well-executed, cost–benefit analysis considers all major 

sources of costs and benefits, monetizes them, and turns them into a single measure of 

cost-effectiveness called the net present value.  

For this study, I applied the cost–benefit methods to an evaluation of the Career 

and Technical Education (CTE) program within the Texas Department of Criminal 

Justice.  

 CTE Programs in Adult Corrections 

CTE programs, or “vocational programs” as they were previously known, have a 

long history in adult corrections. The idea that prisoners can benefit from vocational 

training was introduced in the mid-1800s. In 1847, New York was the first state to 

mandate vocational education in prison (Messemer, 2011). Since then, every state has 
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incorporated at least some aspect of vocational education into their criminal justice 

system. 

Theoretical Foundations 

The theoretical rationale for CTE programs can be classified into two broad 

groups. The first group of theories hypothesizes that criminality is caused by malleable 

factors such as low education attainment, barriers to legitimate employment, weak 

connection to prosocial institutions (e.g., employment and marriage), and faulty attitudes 

and dispositions (Akers 1995; Becker, 1968; Hagan & McCarthy, 1997; Samson & Laub, 

1990; Sutherland, 1947). They posited that removing such barriers, addressing 

educational and psychological deficiencies, and strengthening ties to society can steer 

offenders away from the life of crime. These theories offer strong theoretical support to 

correctional CTE programs and introduce various mechanisms by which CTE programs, 

and subsequent employment, can change offender behavior.  

The other group of theories hypothesizes that criminal behavior is caused by 

innate persistent traits such as impulsivity or antisocial personality (Gottfredson & 

Hirschi, 1990; Moffit, 1994). Since criminal behavior is thought to be driven by these 

persistent traits, it cannot be modified by correctional programs. These theorists look at 

the crime–employment relationship from a different perspective. They hypothesized that 

the relationship between employment and criminality is a spurious one and can be 

explained by common underlying traits such as impulsivity or antisocial personality. 

They see offenders who do well in CTE programs and gain post-release employment as 

qualitatively different from offenders who do not succeed in such courses. The programs 

themselves do not necessarily modify the behavior, but rather “sift” offenders into 



Texas Tech University, Daria Cochran, May 2018 

4 

persistent and nonpersistent offender categories based on their underlying traits. This trail 

of thought has been further developed by Bushway and Apel (2012), who approached 

CTE programs from the perspective of signaling theory. In their view, correctional 

programs do not necessarily rehabilitate offenders, but rather signal which offenders are 

motivated to change and which are not. Those offenders who successfully complete CTE 

courses are signaling the system that they are not likely to reoffend and can, therefore, be 

released early. 

Evidence for CTE Effectiveness 

 The effectiveness of correctional CTE programs first came under scrutiny in the 

1970s after the publication of What works? Questions and Answers About Prison Reform 

(Martinson, 1974). This report was a review of 231 offender rehabilitation program 

evaluations published during the 30-year period prior to 1974; Martinson (1974) 

concluded that nothing works in correctional rehabilitation. This report stirred a 

discussion that  raised two fundamental questions:  

1. Can employment reduce recidivism? 

2. Are correctional vocational programs effective at increasing employment and 

reducing recidivism? 

Employment and Recidivism 

Regarding the first question, the relationship between employment and recidivism 

was examined in the 1980s and 1990s with mixed results (Wilson, Gallagher, & 

McKenzie, 2000). Some studies showed that recidivism was lower among employed ex-

offenders, while others showed no effect (Raphael, 2014; Wilson et al., 2000). Later, a 

more nuanced picture began to emerge. New research found that employment appeared to 
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have a stronger protective effect on recidivism among older offenders (Uggen, 2000), that 

the continuity as well as the quality of work seemed to play an important role in reducing 

recidivism (Laub & Sampson, 2003), and that higher wages were associated with lower 

criminality, even when controlling for prior criminal justice involvement (Grogger, 

1998).  

At the same time, the negative influence of the stigma of incarceration on future 

employment came under greater scrutiny. Researchers began to recognize that stigma 

could be muting the positive effects of correctional rehabilitative efforts on employment 

and recidivism (Wilson et al., 2000). It appears that the relationship between employment 

and incarceration  is circular in nature: poor employment prospects lead to criminality 

and incarceration, which in turn lead to difficulties in finding future employment. 

CTE Programs, Recidivism, and Employment 

Despite the contradictory past evidence on the relationship between employment 

and crime, more recent evidence on CTE program effectiveness in reducing recidivism 

and increasing employment appears to be quite strong. Since 2000, four major meta-

analytic reviews of CTE programs show that they do, in fact, lead to better offender 

outcomes.1  

Wilson et al. (2000) reviewed 33 carefully selected studies of correctional 

programs, including 17 vocational programs. They found that CTE program participants 

had on average 11% lower recidivism (odds ratio of 1.55) and 17% employment rates 

                                                 
1 To make the meta-analytic results easy to compare and interpret I follow the example of Wilson et al. 

(2000) who converted odds ratio changes into rates (percentages). Just like Wilson et al. (2000) I assume a 

50% rate of recidivism and a 50% rate of employment for the control group in my calculations of 

recidivism and employment rates for the CTE participant group. 
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(odds ratio of 2.02) than offenders who did not participate in these programs. In 2006, 

McKenzie updated the results of the Wilson et al. (2000) study by including only the 

highest quality studies published after 1980 and newer studies published after Wilson et 

al. (2000). This updated meta-analysis showed that CTE program participation was 

associated with an 8% reduction in recidivism (odds ratio of 1.36). The effects on 

employment were not reassessed in this study. In 2006, Aos, Miller, and Drake conducted 

another meta-analytic review of correctional CTE programs and found that CTE program 

participants had 12.6% lower recidivism than nonparticipants (odds ratios were not 

reported in this paper). Finally, the RAND corporation conducted a meta-analytic review 

of 18 correctional education programs and found that vocational programs were 

associated with a 13% reduction in recidivism and a 13% increase in employment (odds 

ratio of 2.13; calculated based on the estimate provided in the Davis, Bozick, Steele, 

Saunders, & Miles, 2013).  In addition to meta-analyzing the effects of CTE programs, 

these researchers calculated direct program costs: CTE program participation cost in 

2017 dollars was between $1,470  and $1,832 per offender. The difference in criminal 

justice costs in 2017 dollars between CTE participants and nonparticipants ranged from 

$9,135 to $10,185. Therefore, according to this study, the criminal justice system could 

save between $7,303 and $8,715 per offender by enrolling them into CTE programs.  

Evidence for CTE Cost-Effectiveness 

A more formal assessment of the cost-effectiveness of CTE programs was 

conducted by Washington State Institute for Public Policy (WSIPP, 2017). Compared to 

the RAND cost analysis, the WSIPP model included a much larger number of costs and 

benefits as well as a longer time frame (3 years in the RAND study vs. 10 years in the 
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WSIPP model). The results of the WSIPP cost–benefit analysis revealed that CTE 

programs yielded a benefit of $16,286 per participant and that average annual program 

costs were estimated at $1,495. These estimates included not only those costs and 

benefits for the criminal justice system, but also those costs and benefits for the 

taxpayers, program participants, victims, and the workforce.  

The research evidence discussed above appears to suggest that correctional CTE 

programs are a worthy investment. However, not all correctional CTE programs are 

created equally. WSIPP only selects well-implemented programs that demonstrate a high 

degree of adherence to the original program design (high program fidelity). Little is 

known about the cost-effectiveness of programs that do not meet WSIPP’s stringent 

criteria (which would be the case for most U.S. correctional programs). Other research 

shows that when implemented poorly, even well-designed programs do not produce 

expected outcomes (Fixsen, Naoom, Blase, Friedman, & Wallace, 2005). Davis et al. 

(2013) of the RAND corporation acknowledged that the quality of correctional CTE 

programs can vary greatly from program to program and more research is needed to 

determine what makes certain CTE programs more successful than others.  

Present Study  

Taking into consideration the recommendation of Davis et al. (2013), in the 

current study, I conducted a cost–benefit analysis on the correctional CTE program 

administered by the Windham School District (WSD) within the Texas Department of 

Criminal Justice (TDCJ). The goal of the study was two-fold: (a) to examine evidence for 

effectiveness of the CTE program, and (b) to assess the  cost-effectiveness of the CTE 

program. 
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WSD CTE Program: A Description 

TDCJ has a long history of providing vocational education to offenders 

incarcerated within its prison walls. However, in the 2013–2014 school year, these 

vocational/CTE programs were significantly redesigned under the leadership of the new 

superintendent of WSD, Dr. Clint Carpenter. The goals of the redesign were to align CTE 

programs more closely with the requirements of industries and make them more outcome 

oriented. These changes took effect in the 2014–2015 school year, which was the first 

year of the current evaluation.  

In the 2014–2015 and 2015–2016 school years, WSD provided 37 different 

vocational courses (plus some general safety courses), which were broken down into 

eight trades: (a) Agriculture, Food & Natural Resources, (b) Architecture & Construction, 

(c) Arts, A/V Technology & Communications, (d) Business Management & 

Administration, (e) Hospitality & Tourism, (f) Manufacturing, (g) Science, Technology, 

Engineering & Mathematics, and (h) Work & Career Readiness (WSD, 2015). Eligibility 

for CTE course participation was based on many offender characteristics such as security 

level, behavior, aptitude, interest, and the unit in which the offender is housed (different 

units do not necessarily offer the same CTE trades).  

Offenders could take courses from multiple trades, but were encouraged to pursue 

one trade. Each trade contained multiple courses, and course completion was usually tied 

to an industry certification. Not all offenders completed their training and received an 

industry certification. Some dropped out, others lost their CTE participation privileges 

due to behavioral incidents, while others were transferred to other units where similar  

CTE programs were not available. However, TDCJ strived to ensure that eligible 
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offenders were enrolled in the courses and had an opportunity to complete them. Before 

release, CTE participants could meet with a counselor to discuss potential job prospects 

and apply for a job. In addition to CTE courses, offenders could enroll in remedial 

education and substance abuse prevention courses based on their needs and eligibility. 

Finally, all offenders were required to take a cognitive-behavioral course before release.  

The WSD’s CTE program had previously been evaluated in 1994 by a team of 

researchers from Sam Houston University and was found to have a modest effect on 

recidivism. Among the offenders who completed more than 300 vocational hours (a 

typical course load), 18.3% returned to prison compared to 22.4% of those who did not 

participate in vocational programs (Criminal Justice Center, 1994).  

As noted earlier, many aspects of WSD’s CTE programs have changed since that 

evaluation. WSD instituted a more targeted selection process for CTE program 

participation, a new curriculum for CTE trades that matches nationally recognized 

industry standards, and a new set of criteria for program completion, which is centered 

around industry certifications. 
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CHAPTER III 

METHOD 

 When choosing the best methods to approach the two study goals of measuring 

effectiveness and cost-effectiveness of the correctional CTE programs, I had to confront 

several methodological issues common to nonexperimental research.  The data for the 

study came from administrative data sources and was not specifically designed to answer 

the research questions.   These issues brought in by the administrative data included 

missing data, a lack a control group, varying length of follow-up, and a limited number of 

variables suitable for cost-benefit analysis. The following section address the methods I 

used to resolve these issues. 

Data 

The data for this study came from the Windham School District (WSD), from 

Texas Department of Criminal Justices (TDCJ), as well as from the Texas Department of 

Public Safety (DPS) and the Board of Pardons and Paroles (BPP). The combined data set 

contained a significant amount of missing data. My approach to dealing with missing data 

contained the following steps: (1) correcting obvious data entry errors,  (2) verifying the 

data with alternative data sources when possible, and (3) imputing the rest of the missing 

data. 

Treatment Group 

The focus of the study was on the offenders who were enrolled in the WSD’s 

CTE programs during the 2014–2015 school year and the first half of the 2015–2016 

school year and released on parole in the subsequent year. Offenders who did not 

participate in CTE during the same time frame, but who were also released on parole 
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during the 2014–2015 school year and the first half of the 2015–2016 school year were 

eligible to be in the control group. I did not exclude offenders who participated in CTE 

courses prior to 2014-2015 school year, but rather controlled for prior CTE participation 

in the design of the control group.  

Control Group 

As mentioned earlier the data for this study came from an administrative data 

source and was not specifically designed for a rigorous outcomes evaluation.  I utilized a 

retrospective quasi-experimental research design with a statistically generated control 

group. 

The CTE participants and the nonparticipants typically have some important 

differences. CTE program participants are more likely to be educationally and 

vocationally disadvantaged, but also less likely to have committed serious crimes. To 

minimize the influence of potentially contaminating background variables, I utilized the 

propensity score matching approach (PSM). 

Propensity Score Matching (PSM)   

Propensity score analysis was first introduced by Rosenbaum and Rubin (1983) 

and has since evolved into an effective method to minimize confounding of treatment 

effects by extraneous variables (Lee & Little, 2017).  Propensity score is a conditional 

probability that an individual will be assigned to the treatment group, given the 

covariates. 

The data set contained a large number of possible covariates that could have been 

included in the matching process. I originally intended to use a nonparametric PSM 

approach such as generalized boosting modeling recommended by Lee and Little (2017). 
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However, upon closer examination of the method, I realized that generalized boosting 

modeling would not be very compatible with survival analysis and cost–benefit analysis 

because it does not create a control group of the same size as the treatment group. 

Instead, I followed another procedure outlined in Lee and Little’s (2017) study, using k-

nearest neighbors (Rubin, 1973). 

After propensity scores was calculated, I followed the diagnostic procedures 

outlined in Lee and Little (2017), which included: checking the balance on the propensity 

score distributions, checking the balance on covariates, estimating treatment effects, and 

conducting sensitivity analysis.  

Effectiveness Study Design 

With the creation of PSM control group I could now move on to the analysis of 

CTE program effectiveness. I measured two outcomes: recidivism, defined as re-

incarceration within TDCJ, and employment, defined as being employed for at least a 

single day during the observation period. The length of the observation period varied 

greatly between offenders due to various forms of censoring. Rather than limiting the 

length of follow-up to a common period for all offenders, I decided to use all of the 

available information while addressing the issue of censoring. 

Censoring 

The censoring in the data stemmed from several sources. First, offenders were 

released from prison throughout the school year. Therefore, some of the offenders in the 

sample could have been released as early as October 1, 2014 (after attending a single 

CTE course) while others could have been released as late as February 1, 2016. The 

cutoff point for the data was February 1, 2017, which meant that some of the early 
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released offenders were followed up for nearly 2.5 years while others were follow-up for 

1 year.  

The duration of observation period was further affect by the length of parole. 

Employment data was only available for released offenders while they were on parole, 

and the length of parole varied for each offender. Recidivism data, on the other hand, was 

not affected by the length of parole and was available for all offenders who recidivated in 

the state of Texas and were returned to TDCJ. The information on the offenders who 

were reincarcerated outside of the state, or who were reincarcerated in municipal jails 

was not available.  

In addition to the length of parole, employment data was also affected by 

recidivism. Offenders who recidivated and were no longer able to find a job, and were 

censored from the sample. 

Survival Analysis 

To address the issue of censoring and varied  length of follow-up I used survival 

analysis. Survival analysis is one of the oldest statistical approaches that incorporates the 

information about the probability and the timing of the event into a single function 

(Singer &Willett, 2003). Survival analysis was conducted to determine the extent to 

which program participants and nonparticipants differed on the outcomes of interest 

(probability of recidivism and probability of employment, as well as time to each of these 

events). Specifically, survival functions for each outcome were estimated and compared 

nonparametrically, using the Kaplan-Meier method (Kaplan & Meier, 1958), and then 

again with covariates, using the Cox proportional hazard model (Cox, 1972). 
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Cost–Benefit Analysis (CBA) 

In a nut shell, cost–benefit analysis (CBA) involves the following steps: (a) 

determining perspectives from which the analysis will be conducted, (b) establishing a 

timeline, (c) measuring and monetizing outcomes, (d) measuring and monetizing costs, 

(e) calculating net benefit, and (f) conducting sensitivity analysis. 

Perspectives  

The first important question in CBA is which perspectives to consider in the 

study. Perspective indicates which costs and benefits will be incorporated into the model. 

For this study, I measured costs and benefits from the perspective of society. Originally, I 

intended to also include the individual and the taxpayer perspectives. Unfortunately, the 

postrelease wage data needed to calculate individual and taxpayer benefits was found to 

be fraught with error and, therefore, unusable for the analysis. 

Timeline  

The next important consideration is the timeline of the analysis: How long will 

the costs and benefits of the program be measured? Ideally, criminal justice CBA should 

take a long-term approach to costs and benefits, because the consequences of crime, 

incarceration, and education persist over a lifetime. Unfortunately, this study had a 

limited timeline of 1–2.5 years postrelease, because offenders were released between 

October 1, 2014 and February 1, 2016 and long-term, follow-up data on offenders was 

not yet available. In the Discussion section in Chapter IV, I address additional long-term 

effects of the CTE programs that were not directly estimated in this study. 
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Measuring and Monetizing Effects  

The original measures of effect included recidivism and employment. 

Unfortunately, due to the lack of usable wage data, I was unable to incorporate 

employment information into cost–benefit estimation. Therefore, for the remainder of the 

study, I focused on the differences in recidivism between the control and the treatment 

groups as the main measure of effect (benefit). The data set contained information on the 

type of crime committed and the timing of recidivism. The crime types were valued 

(monetized) based on the cost of crime estimates developed by McCollister, French, and 

Fang (2010), and the timing of crimes was taken into account through discounting. I 

applied a customary 3% discount rate used in other studies (McCollister et al., 2010). 

Measuring and Monetizing Costs  

Measuring and monetizing program costs was a very important part of the study. 

While the methods behind measuring and monetizing program benefits were available, 

the measurement of costs in the criminal justice CTE is surrounded in mystery.  In fact, 

WSIPP does not provide much detail on the measurement of costs (WSIPP Cost-Benefit 

Technical Documentation, 2017), and neither does Davis et al. (2013).  To my 

knowledge, this is the first study of correctional CTE programs in which detailed 

information on the structure of CTE program costs are provided and the components 

included in the estimations described.  

Most of the cost data were already available in monetary units. To calculate 

program costs, the ingredient method was used, as recommended by Levin and McEwan 

(2000). Correctional CTE programs had not utilized many “free” resources, which 

simplified cost analysis considerably. The challenging aspect of cost analysis was 
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allocating administrative costs and amortizing program equipment. The percentages of 

employee time devoted to CTE programs needed for the allocation of administrative 

costs, and the useful lifetime of equipment needed for amortization of program 

equipment were provided by WSD. Another challenging aspect of calculating program 

costs was accounting for the resources that were not free per se, but that were essentially 

free to the WSD. These resources were paid for by the TDCJ or other agencies. Such 

resources included additional correctional officers provided by the TDCJ to guard CTE 

classes, fringe benefits paid to the WSD staff (both vocational and nonvocational), as 

well as utilities and classroom space, which were also paid for by TDCJ. 

Net Benefit  

All costs and benefits were discounted to 2015 dollars for estimation purposes and 

then inflated to 2017 dollars for final reporting. All dollar estimates in this manuscript 

were inflated to 2017 dollars to ensure equitable comparison between studies. As a 

measure of cost-effectiveness, the study focused on the net present value (NPV), which is 

the most common measure of net benefit in CBA. NPV is measured as the difference 

between per participant benefits and costs, both of which are discounted to a specific 

point in time (2015 in this case). In addition to NPV, I also calculated benefit-to-cost 

ratio (BCR) to determine how many dollars of benefit the programs yielded per dollar of 

cost. Originally, I also intended to include estimates of the internal rate of return (IRR), 

the rate at which the program breaks even. However, a preliminary examination of IRR 

showed the values were significantly inflated (over 100%) due to the short-term span of 

the study. Lest IRR estimates be misinterpreted, they were not included in the discussion 

of results.  
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Sensitivity Analysis  

Finally, I conducted sensitivity analysis on the parameter estimates that were 

uncertain. These parameters included: alterative value of the statistical life, an alternative 

value of vocational equipment, and alternative values of the costs of utilities.  
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CHAPTER IV 

RESULTS 

The results section is structured in the following way. First, the analyses for the 

total sample of 3,000 offenders (1,500 in the treatment group and 1,500 in the control 

group) are presented. These analyses include: propensity score matching (PSM), survival 

analysis, cost–benefit analysis, and sensitivity analysis. After reporting the results for the 

total sample, I report the results of the analyses by cluster. The cluster analyses by 

followed the same sequence of methods with the exception of Cox proportional hazard 

model, which was only fit to the total sample. 

 

Missing Data Treatment 

The original sample had a significant proportion of missing data (over 50% for 

some variables). A careful examination of the patterns in missing data  led me to believe 

that this was due to coding errors (e.g., zeros coded as NAs), which I corrected. 

Correcting these errors substantially increased the sample size, as any missing data for an 

offender would prevent the inclusion of that offender in the study. Additional 

improvements in the data set were made by locating missing values in alternative data 

sources. Finally, I made an attempt to impute the remaining missing values with the 

pcAux package in R (Lang & Little, 2017). During the first imputation, the software 

could not proceed past the preData function. I hypothesized that categorical variables 

with a large number of classes and with  a significant proportion of missing data were at 

fault. After removing these variables, pcAux was able to go one step further. 
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Unfortunately, after running for 2 weeks the package never produced principal 

component scores and was, therefore, aborted. 

Propensity Score Matching of the Total Sample 

The treatment group contained 1,500 participants. These were the offenders who 

participated in CTE courses in the 2014–2015 school year and in the first half of 2015–

2016 school year and were subsequently released on parole between October 1, 2014, and 

February 1, 2016. All of the other 38,785 offenders who were released on parole during 

the same time frame and did not participate in CTE course were eligible to be in the 

control group.  

Estimation Method  

The k-nearest neighbors (KNN) method (Rubin, 1973) in the MatchIt package 

(Stuart, King, Imai, & Ho, 2011)  in R (R Core Team, 2015) was used to calculate 

propensity scores based on the following pretreatment covariates:  

• gender,   

• age in 2015,  

• age at first arrest,  

• race, 

• inmate type, 

• number of sentence days,  

• number of arrests,   

• number of incarcerations,  

• type of crime for which the individual was serving time,  

• years of education, and 
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• number of prior CTE hours.  

The results of matching are presented in Table 1.  
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Table 1   

Propensity Score Matching Results Total Sample 

Variable 

Mean 

Treatment 

All Mean 

Control 

St. Mean 

Difference 

Mean 

Treatment 

Matched Mean 

Control 

St. Mean 

Difference 

St. Mean Difference 

Improvement 

Distance 0.0456 0.0370 0.4623 0.0456 0.0456 0.0004 100% 

Gender (Male) 0.8473 0.8862 -0.1080 0.8473 0.8473 0.0000 100% 

Age 35.4 38.9 -0.3874 35.4 35.4 0.0016 100% 

First Arrest Age 29.5 32.7 -0.3607 29.5 29.5 0.0036 100% 

Race Asian 0.0013 0.0032 -0.0498 0.0013 0.0013 0.0000 100% 

Race Black 0.2893 0.3227 -0.0735 0.2893 0.2893 0.0000 100% 

Race Hispanic 0.2993 0.3116 -0.0267 0.2993 0.3093 -0.0218 18% 

 SAFP 0.0000 0.0112 -Inf 0.0000 0.0000 NaN 100% 

 SJ 0.0007 0.0056 -0.1894 0.0007 0.0007 0.0000 100% 

Sentence Days 2909 3478 -0.1681 2909 2707 0.0597 65% 

Total Arrests 1.8 1.6 0.1215 1.8 1.8 -0.0302 75% 

Total Prison  1.6 1.6 -0.0125 1.6 1.6 0.0113 10% 

Total SAFP 0.3167 0.3073 0.0133 0.3167 0.3453 -0.0408 -206% 

Total SJ 0.0873 0.1228 -0.1066 0.0873 0.0893 -0.0060 94% 

Violent Crime 0.3413 0.3205 0.0440 0.3413 0.3400 0.0028 94% 

Property Crime 0.1860 0.1903 -0.0111 0.1860 0.1807 0.0137 -23% 

Other Crime 0.2080 0.2294 -0.0528 0.2080 0.2267 -0.0460 13% 

Education 9.8 9.9 -0.0421 9.8 9.8 0.0002 99% 

Prior CTE 188 148 0.1147 188 178 0.0278 76% 

Notes: Gender – male = 1; female = 0; Race - White = 0; Inmate type - Prison = 0; SAFP - substance abuse felony punishment; SJ - State jails, intermediate length 

sentences between 6 months and 2 years). Crime types for the current incarceration - Drug crimes = 0; Education in years; Prior CTE hours - CTE hours during previous 

incarcerations or before school year 2014 
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Propensity Score Distribution  

Quality of match diagnostics were conducted based on the algorithm outlined in 

Lee and Little (2017).  The distributions of propensity scores for the treatment and the 

control groups had substantial overlap, indicating a large area of common support. 

(Austin, 2009). The shapes of the propensity score distributions were similar, but not 

identical. The treatment group propensity score distribution had much less kurtosis than 

the propensity score distribution of the control group. Figure 1, built with the gglot 2 

package in R (Wickham, 2010), displays the two propensity score distributions. KNN 

produced good matching results. Standard mean difference between treatment and control 

groups was reduced from 0.4623 in the unmatched sample to 0.0004 in the matched 

sample (Table 2). 

Table 2.   

Kaplan-Meier Survival Analysis Employment and Recidivism 

Outcome 

Percent 

Treatment 

Percent 

Control 

Median Days 

Treatment 

Median Days 

Control 

Log Rank 

2 

employment 71.07% 61.13% 94 166 47.0 

recidivism 7.87% 13.47% NA NA 4.1 
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Figure 1.  Propensity score distribution. 

Balance on Covariates  

Balance was checked on the treatment variable and on the important covariates, 

following the recommendation of Lee and Little (2017). Gender, race, inmate type, total 

arrests, total incarcerations, types of crime, participation in prior CTE hours, and years of 

education were well balanced. 

Sensitivity Analysis of Matched Sample  

Sensitivity analysis was conducted with PSM samples to account for the potential 

presence of unmeasured covariates. The sensitivity analysis method used in this study 
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was developed by Rosenbaum (1991a, 1991b) and described in detail in Lee and Little 

(2017). This analysis was conducted on the two main outcomes: employment and 

recidivism. For employment, the ratio of 1 was nonsignificant ( = 1, p = 1), indicating 

that the influence of unmeasured covariates was very significant for employment. This is 

not surprising, considering that important variables, such as previous work experience 

and motivation, were not measured. Therefore, employment outcomes need to be 

considered with caution. For recidivism, the ratio of the odds of treatment assignment for 

treatment and control groups did not change to nonsignificant even at high values of  ( 

= 6, p < 0.05). This indicates that the bias from unmeasured covariates on recidivism was 

minimal. 

Survival Analysis of the Total Sample 

First, survival analysis without covariates was conducted on employment and 

recidivism, using the Kaplan-Meier estimator (Kaplan & Meier, 1958). Then, the Cox 

proportional hazard model (Cox, 1972) with covariates was used to estimate the influence 

of covariates on the treatment effect. Both analyses were conducted, using the survival 

package in R (Therneau & Lumley, 2017).   

Employment  

Kaplan-Meier survival analysis on employment showed that a significant 

proportion of both treatment and control groups was employed: 71.1% (1,066 of 1,500) 

participants was employed in the treatment group and 61.1% (917 of 1,500) was 

employed in the control group. The employment rate for CTE participants was 16.4% 

higher than that for nonparticipants. The mean time to first employment was 94 days and 

166 days for treatment and control groups, respectively. The log-rank test (Mantel, 1966) 
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revealed a highly significant difference between the survival curves at the 0.05 

significance level (2 =  47, df = 1, p = 0.000). The results are presented in Table 2. 

Survival curves for employment for the treatment and control groups are presented in 

Figure 2. 

 
Figure 2.  Kaplan-Meier survival curves employment. 

To assess the influence of covariates on treatment effect, I applied the Cox 

proportional hazard model. The model was then tested in two steps.  In Step 1, a model 

with treatment as a single predictor and without any covariates was fit to the data (Cox 

Employment Model 1; see Table 3 for results).  In Step 2, Cox Employment Model 2 was 

fit to the data with treatment and covariates: age at release, race, gender, days in current 

incarceration, type of crime for the current incarceration (drug, property, violent, or  
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other), years of education, total arrests, total incarcerations (prison and state jail). See 

Table 4 for results.  In Cox Employment Model 1, treatment increased the hazard ratio of 

employment by 36.2% (coeff = 0.3089, hazard ratio = 1.3619,  p < 0.0001). In Cox 

Employment Model 2, upon the introduction of covariates, the treatment variable 

remained significant. The treatment increased the hazard of employment by 35.0% (coeff 

= 0.3010, hazard ratio = 1.35, p < 0.000). In addition to treatment, the following variables 

reached statistical significance: age at release, days in current incarceration, and years of 

education. Also, crime type other, with a positive coefficient, approached significance 

(crime type drug was used as a reference category).  

Table 3   

Cox Proportional Hazard Model 1 Employment 

Model 1 Coefficient Hazard Ratio St. Error Significance 

treatment 0.3089 1.3619 0.0452 0.0000 

Likelihood ratio test = 46.8  on 1 df, p = 0.0000 
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Table 4.   

Cox Proportional Hazard Model 2 Employment 

Model 2 Coefficient Hazard Ratio St. Error Significance 

treatment 0.3010 1.3500 0.0453 0.0000 

age.release -0.0137 0.9860 0.0027 0.0000 

race.Black* -0.2900 0.7480 0.0589 0.0000 

race.Hispanic 0.0936 1.1000 0.0551 0.0892 

male** 0.1010 1.1100 0.0658 0.1248 

days incarcerated 0.0000 1.0000 0.0000 0.0004 

violent crime*** -0.0572 0.9440 0.0625 0.3594 

property crime -0.0330 0.9680 0.0696 0.6348 

other crime 0.1240 1.1300 0.0656 0.0579 

years of education 0.0173 1.0200 0.00864 0.0454 

total arrests 0.0338 1.0300 0.0245 0.1686 

total prison -0.0588 0.9430 0.0379 0.1209 

total state jail -0.0455 0.9560 0.0391 0.2446 

Likelihood ratio test = 144  on 13 df, p = 0 

Notes: * race White is used as a reference category,** female is used as a reference category. 

*** drug crimes are used as a reference category 

 

Recidivism  

Kaplan-Meier survival analysis showed that recidivism in both treatment and 

control groups was fairly low: 7.9% (118 of 1,500 participants) of the treatment group 

and 13.5% (202 of 1,500) of the control group was reincarcerated before February 1, 

2017 (see Table 2). This constituted a 41.5% lower recidivism rate in the treatment group 

vs. control group. 

The probability of not recidivating (“surviving” recidivism) remained over 0.5 for 

both treatment and control groups. Neither mean survival times nor their statistical 

significance could be calculated because the probability remained over 0.5 for the entire 

time period. The log-rank test (Mantel, 1966) revealed a significant difference between 
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survival curves at the 0.05 significance level (2 = 4.1, df = 1, p = 0.042). Survival curves 

for treatment and control groups for recidivism are presented in Figure 3. 
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Figure 3.  Kaplan-Meier survival curves recidivism. 

In Cox Recidivism Model 1 treatment was the only predictor of recidivism. As 

expected, participation was associated with reduction in recidivism. Program 

participation reduced the hazard rate by 78.7% (p < 0.05). The results are presented in 

Table 5. 
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Table 5   

Cox Proportional Hazard Model 1 Recidivism 

Model 1 Coefficient Hazard Ratio St. Error Significance 

treatment -0.240 0.787 0.118 0.043 

Likelihood ratio test = 4.18  on 1 df, p = 0.0409 

Notes: * race White is used as a reference category,** female is used as a reference category 

*** drug crimes are used as a reference category 

 

In Cox Recidivism Model 2. the following covariates were introduced: age at 

release, race, gender, days in current incarceration, years of education, total arrests, and 

total incarcerations (prison and state jail). Upon the introduction of the covariates, the 

treatment effect was no longer significant (p = 0.10). Age at release, gender (male), race 

(Black), and total incarceration were all significant predictors of recidivism (see Table 6). 
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Table 6   

Cox Proportional Hazard Model 2 Recidivism 

Model 2 Coefficient Hazard Ratio St. Error Significance 

treatment -0.2080 0.8120 0.1190 0.08040 

age.release -0.0382 0.9620 0.00789 0.00000 

race.Black* -0.3210 0.7260 0.1440 0.02640 

race.Hispanic -0.1860 0.8300 0.1360 0.17266 

male** 0.5580 1.7500 0.1940 0.00393 

days incarcerated 0.0000 1.0000 0.0000 0.20144 

violent crime*** -0.0812 0.9220 0.1680 0.62794 

property crime 0.3270 1.3900 0.1590 0.03968 

other crime 0.1520 1.1600 0.1640 0.35378 

years of education -0.0206 0.9800 0.0194 0.28882 

total arrests -0.0352 0.9650 0.0535 0.51084 

total prison 0.2870 1.3300 0.0758 0.00016 

total state jail 0.3390 1.4000 0.0671 0.0000 

Likelihood ratio test = 107  on 13 df, p = 1.11e-16 

Notes: * race White is used as a reference category,** female is used as a reference category 

*** drug crimes are used as a reference category 

 

In Cox Recidivism Model 3, in addition to other covariates, employment was 

introduced as a predictor of recidivism. With the introduction of employment, the 

treatment variable became even less significant. The employment variable, however, was 

very significant, as were some of the covariates from Model 2 (age at release, male 

gender, Black race, and total incarcerations). The results of the three Cox models are 

presented in Table 7. 
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Table 7   

Cox Proportional Hazard Models 3 Recidivism 

Model 3 Coefficient Hazard Ratio St. Error Significance 

treatment -0.1500 0.8610 0.1190 0.2095 

age.release -0.0416 0.9590 0.0077 0.0000 

race.Black* -0.4330 0.6490 0.1460 0.0031 

race.Hispanic -0.1890 0.8280 0.1370 0.1687 

male** 0.6040 1.8300 0.1940 0.0018 

days incarcerated 0.0000 1.0000 0.0000 0.3761 

violent crime*** -0.1370 0.8720 0.1680 0.4128 

property crime 0.3080 1.3600 0.1590 0.0524 

other crime 0.1750 1.1900 0.1640 0.2844 

years of education -0.0126 0.9880 0.0200 0.5293 

total arrests -0.0195 0.9810 0.0538 0.7170 

total prison 0.2680 1.3100 0.0755 0.0004 

total state jail 0.3170 1.3700 0.0682 0.0000 

employed -0.8500 0.4270 0.1140 0.0000 

Likelihood ratio test = 161  on 14 df, p = 0 

Notes: * race White is used as a reference category,** female is used as a reference category 

*** drug crimes are used as a reference category 

 

The joint results from the analysis of recidivism and employment outcomes 

indicate that treatment is a significant predictor of employment and employment is, in 

turn, a significant predictor of recidivism. This suggested that employment played a 

mediating role between CTE program participation and recidivism. However, a formal 

analysis of mediation was beyond the scope of this study.   

Covariates had different effects on the two outcomes. As expected, years of 

education had a positive effect on employment, while age at release and Black race were 

negatively related to employment. The number of sentence days was a significant 

predictor of employment,  though the effect was negligible. For recidivism, age at 
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release, Black race, and employment had a negative effect, while male gender and the 

history of incarceration had a positive effect (increased the probability of re-

incarceration).  

Cost–Benefit Analysis of the Total Sample 

The goal of this study was to estimate the societal costs and benefits from a 

reduction in crime due to CTE program participation. Unfortunately, offenders were 

followed up for a relatively short period of time (between 1 and 2.5 years), and not all of 

their postrelease crimes could be accounted for on the benefit side. However, even these 

short-term estimates can be useful for evaluating the overall cost-effectiveness of the 

program. 

Benefits 

The measure of the “price” of societal benefits were cost of crime estimates 

developed by McCollister, French, and Fang (2010). These estimates pertain to the most 

common types of crime, such as murder, aggravated assault, and burglary. The cost of 

drug crimes was not available from McCollister et al. (2010) and was, instead, borrowed 

from Aos, Phipps, Barnoski, and Lieb (2001). All cost of crime estimates were first 

inflated to 2015 dollars for cost–benefit analysis and then adjusted to 2017 dollars for 

final reporting. Crime categories that were not available from the above sources were 

categorized into existing categories. Table 8 contains the guidelines for categorization of 

such crimes and their respective cost estimates. 
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Table 8   

Classification of Crimes by Cost and Categories 

CBA Crime Type Cost of Crime Crime Categories 

MURDER $10,330,343 

$10,330,343  
 

Murder or homicide 

RAPE $276,892  

AGGREVATED 

ASSAULT 

$123,073 Aggravated assault, assault, any crime with sever 

body injury, injury to a child 

   

ROBBERY $48,657 Any type of robbery or organized crime involvement 

DRUG $38,984 Possession, dealing, manufacturing of drugs, or controlled  

substances, including marijuana, DWIs and DUIs.  

ARSON $24,268 Any type of arson  

MV THEFT $12,388 Motor vehicle theft, unauthorized use of a vehicle, 

evading  

arrest with a vehicle* 

FRAUD $9,170 Any type of fraud, including debt card abuse  

BURGLARY $7,431 Any type of burglary  

EMBEZZLEMENT $6,302 Any type of embezzlement  

FORGERY $6,055 Any type of forgery or counterfeiting  

VANDALISM $5,589 Any type of vandalism  

VICTIMLESS $5,589 Parole violations, failure to register as a sex offender, 

prostitution, evading arrest (without vehicle), escape 

(without vehicle), unlawful possession of a firearm 

by a felon, bail jumping, bribery, and other victimless 

crimes  

THEFT $4,062 Any type of theft, except motor vehicle theft  

Notes: All crime categories include actual and attempted crimes 

The total per participant benefits for all CTE programs amounted to $3,039 (see 

Table 9). This estimate is 83%  lower than the estimated $17,781 total benefit of 

vocational programs provided by WSIPP (WSIPP, 2017). There are three main reasons 

why the estimate in this study is lower than WSIPP’s. First, the follow-up period for 
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WSIPP estimates was 10 years, whereas for this study it ranged between 1 and 2.5 years. 

Cox survival curves indicate that the difference in recidivism between participants and 

controls increases with time. Therefore, it is likely that with longer follow-up times, 

greater benefits would be incurred. The second reason is that WSIPP estimates are meta-

analytic, and are based on the “best case scenario” programs, rather than actual programs. 

whereas the current study is based on an actual, “as is” program. Further, this program 

was evaluated based on individual-level data, which bring in a greater degree of 

uncertainty.  Third, WSIPP benefit estimates include benefits to other stakeholders in the 

economy (such as employers, insurance companies, etc.). Unfortunately, such benefits 

could not be calculated in this study, because the necessary wage data were not available. 

Table 9   

Cost-Benefit Estimates for All CTE Programs 

 Total Per Participant 

Benefits $4,558,345  $3,039  

Costs $2,958,307  $1,972 

NPV $1,600,037  $1,067  

BCR $1.54  $1.54  

Notes: NPV – Net Present Value, BCR – Benefit to Cost Ratio 

Costs.  Costs were estimated using the ingredient method (Levin & McEwan, 

2000). The costs estimated in this study included direct and indirect  program costs for 

personnel, equipment, material and maintenance, and utilities, as well as opportunity 

costs for labor and space. Total average program cost per participant was $1,972 (see 

Table 9). This estimate is 32% higher than the $1,495 estimate provided by WSIPP 

(2017), and is also outside of the $1,470 to $1,832 cost interval reported in Davis et al. 

(2013). Unfortunately, neither the WSIPP Benefit-Cost Technical Documentation (2017) 
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nor Davis et al. (2013) provides detailed descriptions of the types of costs included into 

the analysis and, therefore, did not allow for a meaningful qualitative comparison 

between cost estimates. For example, it is unclear whether indirect costs, such as non-

CTE expenditures and fringe benefits, were appropriately allocated to the total program 

costs, or whether these studies only reported direct program costs. 

Program costs. Program costs were calculated based on the actual and budgeted 

program expenses provide by the WSD. Analysis includes both direct program costs such 

as vocational teacher salaries, vocational equipment, and vocational materials, and 

indirect program costs from non-CTE departments of WSD. Correctional CTE classes 

also require additional security, which typically involves two correctional offers per unit. 

The exact salaries of these additional correctional were not available. They were 

estimated based on the average annual wage of a correctional officers in Texas, which 

was $40,180 at the time of the writing (Bureau of Labor Statistics, OnetOnline, 2017).  

Utility costs were also not available from WSD and, thus, were estimated based 

on the data from the State Prison Expenditures report (Bureau of Justice Statistics, 2004). 

First, utility cost per-person hour was calculated and then multiplied by the number of 

vocational hours per participant. These costs amounted to 1.6% of total costs. This value 

was likely an overestimation of the additional CTE utility program costs. Two additional 

estimates of utilities were included into the sensitivity analysis: a low value of 1.4% of 

total costs and a high value 1.8% of total costs.  

The fringe benefit expenses of WSD employee and correctional officers are paid 

by TDCJ and were not included in the cost data provided by WSD. Instead, the value of 

the fringe benefits of all personnel was calculated at 34.8% of their annual salaries (The 
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State Auditor for the State of Texas, 2016). This value includes: employer payroll 

expenses, paid time off, health insurance (including spouses and dependents), retirement, 

and longevity pay.  

The breakdown of program costs by category is presented in Table 10. As 

expected, the largest costs category was personnel at $1,890 per participant. Surprisingly, 

nonvocational personnel (e.g. individuals in administration, support staff, counselors, 

correctional officers etc.) represented a larger share of personnel expenses than 

vocational teachers and staff. Salaries and fringe for nonvocational personnel was $1,036 

per participant vs. $854 for vocational personnel. The second largest category was 

utilities, followed by materials and maintenance.  

Table 10  

Costs Analysis by Categories 

 

Cost Category 

 

 

Total  

 

Per Participant 

Personnel 

  
Vocational Teacher Salaries  $940,650   $627  

Vocational Teacher Fringe  $340,382   $227  

Administration and Support Salaries  $1,153,103   $769  

Administration and Support Fringe  $401,280   $268  

Equipment   

Vocational  $32,276   $22  

Other  $1,164   $1  

Materials and Maintenance  $42,866   $29  

Utilities  $46,588   $31  

Total  $2,958,307   $1,972  
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Opportunity costs of offenders’ time. Many of the offenders incarcerated in 

Texas prisons participate in prison employment. It is a way to occupy offenders, teach 

them valuable job skills, and reduce the cost of their incarceration. Offenders who 

participate in CTE programs are not involved in prison employment, which could 

potentially create additional costs for TDCJ and for society. After careful examination of 

the facts around inmate employment I concluded that the most realistic value of the 

opportunity cost of offenders’ time is zero. First, offenders are not enrolled in CTE 

courses for the entire time of their incarceration, only for the last 3–6 months before 

release. Therefore, even though CTE participants do not work, other offenders who are in 

the beginning stages of their incarceration could take over the jobs. Second, typically 

there are more offenders than there are prison jobs; therefore, the a replacement person 

can always be found. For the above reasons the opportunity cost of offenders’ time is 

considered zero in this study. 

Opportunity cost of class space. CTE courses use classroom and workshop 

space that could theoretically be put to alternative uses. Typically, the value of this space 

is taken into account in cost analysis. Unfortunately, the exact square footage of space 

occupied by CTE courses in the 64 prison units covered in the analysis was not available. 

Interviews with correctional officers and CTE teachers revealed that all correctional 

facilities currently being used by TDCJ had built-in space for CTE classrooms and 

workshops. None of the facilities had classrooms that had been added specifically for the 

CTE courses. Furthermore, CTE classroom space cannot be rented to an outside party 

because it is located inside a prison. Finally, vacated prison buildings are notoriously 

difficult to sell due to their remote locations and the stigma associated with prison 
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history. For these reasons, vacated prison buildings often become a fiscal liability. Based 

on these reasons, the space occupied by CTE courses was assessed at a value of zero.  

Net Present Value and Benefit to Cost Ratio  

The NPV and the BCR results for the correctional CTE courses at WSD are very 

encouraging. They demonstrate that correctional CTE programs in Texas are not only 

worth the investment, but also provide significant return in a short time. 

Net present value. The combined programs achieved a positive NPV of $1,067, 

which indicates that even within a very short follow-up period of 1 to 2.5 years,  the 

benefits for each program participant outweigh the costs of the program by $1,067.  For 

the total sample of 1,500 participants the savings amounted to $1,600,037 above and 

beyond costs. Therefore, the program pays for itself within a short amount of time. This 

estimate, however, is much lower than the $16,286 NVP reported by WSIPP for 

vocational programs. One has to keep in mind that a shortened follow-up time for the 

study, (1–2.5 years vs. 10 years in the WSIPP model) and the omission of certain societal 

benefits due to the lack of usable wage data have likely driven the NPV estimate down. 

As already mentioned, survival analysis indicates that the benefits are likely to increase 

over time, while cost will remain largely the same, which would result in a higher NPV.  

Benefit to cost ratio. BCR for WSD’s correctional CTE programs was 1.54, 

indicating that the program yielded $1.54 for each dollar invested. The BCR estimate in 

this study is also lower than the $11.89 estimate reported by WSIPP. The results of the 

survival analysis, however, indicate that, just like the NPV, the BCR estimate is likely to 

increase with time. 
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Sensitivity Analysis of the Total Sample 

Sensitivity analysis can be conducted in many different ways. For this study I 

chose to follow the example of McCollister et al. (2010) and provide a lower and an 

upper estimate of NPV and BCR. These estimates are based on the potential values of 

model parameters with either a significant degree of uncertainty or a significant potential 

to influence on study results. The parameters in sensitivity analysis include the value of 

statistical life (VSL), new vs. existing equipment, and the cost of utilities. 

Value of Statistical Life  

VSL is a theoretical construct that attempts to value human life in monetary 

terms. VSL is used in many types of research such as actuarial studies,  transportation 

safety studies, and cost–benefit analysis (Viscusi & Aldy, 2003). VSL is one of the key 

variables used in the estimation of the societal costs of violent crimes and crimes that 

involve a risk of death or injury such as motor vehicle theft. Different researchers use 

different values of VSL for their estimation of the cost of crime. I utilizes the cost of 

crime estimates developed by McCollister et al. (2010), which are based on the $9,708,30 

VSL from Viscusi and Aldi (2003) inflated to 2017 dollars. Alternatively, Cohen at el. 

(2004) used a $14,437,735 VSL estimate as a basis for costs of crime. In sensitivity 

analysis, I used Cohen et al.’s (2004) estimates, inflated to 2017 dollars, as a high value 

for the cost of crime (see Table 11). The comparative values for the cost of crime from 

McCollister et al. (2010) and from Cohen et al. (2004) are presented in the Table 11. The 

change in VSL only affects crimes that have the potential to endanger human life. The 

VSL is very important in criminal justice CBA, because VSL weights violent crimes 

heavily, and rightly so. For example, if  in a treatment group  -  only a single person 
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commits a crime  vs.  five people in the control group, we would assume that treatment 

was effective. However, if the crime in the treatment groups was a murder (valued at 

$10,330,343)  while the crimes in the control group were thefts (valued at $4,062 per 

crime) then the one murder will determine the outcome of the whole analysis. Therefore, 

crime estimates, especially for violent crimes, should be tested for their alternative 

values.  
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Table 11   

Alternative Cost of Crime Estimates for Sensitivity Analysis 

Crime Type 

McCollister, et al. 

2010 2017 Dollars 

Cohen, et al.  

2004 2017 Dollars 

MURDER  $10,330,343   $16,025,886  

RAPE  $276,892   $308,123  

AGGREVATED ASSAULT  $123,073   $180,673  

ROBBERY  $48,657   $63,514  

DRUG  $38,984   $43,272  

ARSON  $24,268   $29,709  

MV THEFT  $12,388   $3,892  

FRAUD  $9,170   $10,179  

BURGLARY  $7,431   $8,422  

EMBEZZLEMENT  $6,302   $6,995  

FORGERY  $6,055   $6,721  

VANDALISM  $5,589   $6,204  

VICTIMLESS  $5,589   $6,204  

THEFT  $4,062  $4,514   

Notes: * Drug crimes estimate was taken from Aos, et al.(2000) and adjusted to 2017 dollars. 

Equipment  

Of the 1,812 pieces of vocational equipment used for CTE course, 789 (43.6%) 

have been used beyond the recommended useful life. The depreciated value of these 

pieces of equipment is zero, and they are waiting to be replaced with new equipment 

when funds become available. To account for their imminent replacement, I included a 

cost estimate for new equipment. This cost estimate is based on the original price of the 

amortized equipment inflated to 2015 dollars. The final cost estimate was reported in 

2017 dollars. Of course, such an approach is an approximation because certain pieces of 
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equipment become obsolete, or their prices drop dramatically as new technologies are 

being developed.  

Utilities  

The cost of utilities is a much less important factor in this study than the VSL or 

the cost of equipment. The reason cost of utilities is included into sensitivity analysis is 

because reliable estimates for utilities were not available from WSD. A 2004 study of 

state prison expenditures (Bureau of Justice Statistics, 2004) reported average utility cost 

per inmate to be $874, inflated to 2017 dollars. Based on this estimate I calculated total 

utility costs for CTE programs to be 1.6% of total program costs. Since the original 

estimate was 14 years old, I wanted to include a lower estimate (1.4%) and a higher 

estimate (1.8%) of utility costs.  

Resulting CBA Estimates 

Low, medium, and high estimates of costs and benefits are presented in Table 12. 

As the table suggests, the low estimate for NVP and BCR include low estimates of 

benefit (McCollister at el., 2010) and high estimate of all three types of costs. The 

medium estimates were based on low estimates of benefits and medium estimates for all 

costs. The high estimate for NPV and BCR were based on high estimates of benefits 

(Cohen et al., 2004) and low estimates for all costs. (The cost of crime was based on 

McCollister at el. (2010), and Cohen et al. (2004) are reported in Table 11). The resulting 

sensitivity analysis estimates are presented in the Table 13. Per participant costs ranged 

between a low of $1,968 and a high of $2,017. Per participant benefits ranged from 

$3,039 to $3,460. The resulting NPV ranged from $1,022 to $1,492 of net benefit per 

participant. The BCR ranged from $1.51 to $1.76 of benefit per dollar of cost. The main 
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takeaway from the sensitivity analysis is that NPV remained positive even after a 

reduction in the value of benefits and an increase in the value of costs. This lends support 

to the hypothesis that CTE programs provided to offenders by the WSD are indeed cost-

effective. Now, I will discuss analysis by career clusters. 

Table 12   

Framework for Sensitivity Analysis 

Parameters Low Medium High 

Cost of Crime (Benefit) McCollister, 2010 McCollister, 2010 Cohen, 2004 

Equipment New Current Current 

Utilities 1.4% 1.6% 1.8% 

 

Table 13   

Sensitivity Analysis of Cost-Benefit Results 

Per Participant Low Medium High 

Hours  286 286 286 

Costs Per Participant Hour $7.05 $6.89 $6.88 

Total Costs  $2,017 $1,972 $1,968 

Benefits $3,039 $3,039 $3,460 

NPV $1,022 $1,067 $1,492 

BCR $1.51 $1.54 $1.76 

 

Composition of Clusters 

One of the goals of the study was to determine which career clusters yielded the 

greatest positive outcomes in employment and recidivism and the greatest net benefit. 

CTE program participants were grouped to 30 career clusters based on the classifications 

in Table 14. Upon initial examination, Clusters 15 "Hospitality Services and 22 

Restaurant Management were merged with Cluster 14 Hospitality and Tourism due to a 
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low number of participants in each. Then, individuals who took CTE courses in more 

than one cluster were removed from the analysis to create subsamples of pure cluster 

participation. After the removal, Clusters 5 CNC Machining  and 11 Warehouse 

Equipment Operations did not have any participants.  The remaining 26 clusters had 

between 3 and 361 participants.  

  



Texas Tech University, Daria Cochran, May 2018 

46 

Table 14   

Career Clusters by CTE Courses 

Cluster Name 

Cluster 

Number CTE Courses 

AUTOMOTIVE 1 Auto Collision Repair & Refinishing  

  Technology, Auto Fundamentals, Auto Air Conditioning and Heating, Auto 

Breaks, Auto Electronics, Auto Engine Performance, Auto Transmission, 

Auto Technical Specialist 

BRICKLAYING&STONE MASONRY 2 Bricklaying/Stone Masonry 

COMPUTER INFO SYSTEMS  3 Business Computer Info Systems I, Business Computer Info Systems II 

IMAGE AND MULTIMEDIA 4 Business Image Management & Multimedia 

CNC MACHINING 5 CNC Machining 

COMPUTER MAINTENANCE 6 Computer Maintenance Tech 

CONSTRUCTION 7 Construction Carpentry 

CULINARY ARTS 8 Culinary Arts, Culinary Arts Short Course 

DIESEL MECHANICS 9 Diesel Mechanics 

ELECTRICAL TRADES 10 Electrical Trades 

ELECTRONIC SYSTEMS TECH 11 Electronic Systems Technician 

HEATING, AIRCOND&REFRIG 12 Heating, Vent,  A/C & Refrigeration 

HORTICULTURE 13 Horticulture, Horticulture Specialist 

HOSPITALITY&TOURISM 14 Hospitality & Tourism, Hospitality Services, Restaurant Management 

LANDSCAPE DESIGN  16 Landscape Design, Construction, Maintenance 

MAJOR APPLIANCES 17 Major Appliance Repair 

MILL& CABINET MAKING 18 Mill and Cabinetmaking, Assembler Technician for Cabinetmaking 

PAINTING& DECORATING 19 Painting & Decorating 

PLUMBING 20 Piping Trades, Plumbing 

PRINTING&IMAGING 21 Printing & Imaging Technology 

SHEET METAL 23 Sheet Metal 

SMALL ENGINE REPAIR 24 Small Engine Repair, Motorcycle, ATV 

COMMUTER-AIDED DRAFTING 25 Tech Intro Comp Aided Drafting 

TELECOMMUNICATION 26 Audio Video Entertainment, Copper Network Cabling, Energy Management, 

Fiber Optic Network Cabling, Telecommunication Technologies 

TRUCK DRIVING 27 Truck Driving 

WELDING 28 Welding 

OSHA GENERAL 29 OSHA General 

OSHA CONSTRUCTION 30 OSHA Construction 
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Propensity Score Matching by Cluster. 

The 26 clusters were matched with control groups, following the same protocol as the 

total sample. The KNN method inside MatchIt package in R was used for matching. 

Unfortunately, the matching algorithm did not work as well for the individual clusters as 

it did for the total sample. This was most likely due to a small sample size in the majority 

of clusters. The only cluster for which a good PS matched was achieved was Cluster 30, 

which contained the largest sample (361 participants). A fair match was achieved for 

eight clusters. The rest had poor matching results. Therefore, only Cluster 30 may yield 

reliable evidence about its effectiveness. Analyses on the rest of the clusters was 

conducted for methodological purposes only. 

Survival Analysis by Cluster 

Due to the aforementioned issues with matching, this section is focused on Cluster 30: 

OSHA Construction, which achieved good quality of matching. Survival analyses results 

on the rest of the clusters is available in Table 16 for employment and Table 17 for 

recidivism. Cluster 30 reached a significant positive effect for employment: 72.9% of the 

treatment group and 64.3% of the control group were employed (𝑁30 = 361, 2 = 8.9,  df 

= 1, p = 0.003). These effects were similar to the employment effects of the total sample: 

71.1% for the treatment group and 61.1% for the control group. For recidivism, the effect 

was also positive, meaning that treatment participation resulted in lower recidivism: 7.5% 

of the treatment group and 14.4% of the control group recidivated, though the effect was 

not statistically significant (𝑁3 = 361, 2 = 1.4, df = 1, p = 0.243). This, again, is similar 

to the recidivism effects of the total sample: 7.9% recidivism rate for the treatment and 

13.7% for the control.  
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Table 15   

Survival Analysis by Cluster Employment 

Cluster Name 
Percent 

Treatment 

Percent 

Control 
Median Days 

Treatment 

Median 

Days 
Control 

Log 

Rank 2 

ALL 71.07% 61.13% 915 1068 47 

AUTOMOTIVE 66.32% 50.53% 165 398 3.6 

BRICKLAYING&STONE MASONRY 76.19% 90.48% 62 78 0.3 

COMPUTER INFO SYSTEMS 66.08% 59.65% 132 204 1.9 

IMAGE AND MULTIMEDIA 61.70% 61.70% 123 144 0.1 

COMPUTER MAINTENANCE 90.00% 70.00% 61.5 135 2.1 

CONSTRUCTION 74.47% 64.89% 85.5 139 2.7 

CULINARY ARTS 65.85% 63.41% 64 141 0.9 

DIESEL MECHANICS 84.62% 38.46% 85 NA 7.6 

ELECTRICAL TRADES 79.52% 71.08% 68 110 1.8 

HEATING. AIRCOND&REFRIG 81.54% 60.00% 62 145 6.9 

HORTICULTURE 84.00% 60.00% 38 34 1.8 

HOSPITALITY&TOURISM 78.13% 45.31% 70 NA 14.1 

LANDSCAPE DESIGN 66.67% 66.67% 95.5 58.5 0 

MAJOR APPLIANCES 100.00% 80.00% 33.5 90 3.3 

MILL& CABINET MAKING 73.91% 73.91% 90 128 0 

PAINTING& DECORATING 67.86% 50.00% 79 263 2.3 

PLUMBING 67.31% 50.00% 108 422 3.1 

PRINTING&IMAGING 38.46% 61.54% NA 572 0.2 

SHEET METAL 33.33% 100.00% NA 39 1.2 

SMALL ENGINE REPAIR 65.00% 80.00% 102 94 0.4 

COMMUTER-AIDED DRAFTING 60.87% 73.91% 167 92 1.2 

TELECOMMUNICATION 73.33% 53.33% 178 373 1 

TRUCK DRIVING 61.54% 38.46% 46 NA 1.7 

WELDING 66.07% 58.93% 85 190 1.4 

OSHA GENERAL 64.29% 60.00% 135 192 0.7 

OSHA CONSTRUCTION 72.85% 64.27% 89 139 8.9 

Notes: Clusters 5 CNC MACHINING and Cluster 10 WAREHOUSE EQUIPMENT did not have any participants; Clusters 15 

HOSPITALITY SERVICES and 22  RESTAURANT MANAGEMENT were merged with Cluster 15 HOSPITALITY&TOURISM to 
improve sample size.  

Median Days – Median number of days (survival time) to event 
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Table 16   

Survival Analysis by Cluster Recidivism 

Cluster Name 

Percent 

Treatment 

Percent 

Control 

Median Days 

Treatment 

Median 

Days 

Control 

Log 

Rank 2 

ALL 7.87% 13.47% NA NA 4.1 

AUTOMOTIVE 10.53% 18.95% NA NA 0.6 

BRICKLAYING&STONE MASONRY 4.76% 14.29% NA NA 0.1 

COMPUTER INFO SYSTEMS 7.02% 17.54% NA NA 4.7 

IMAGE AND MULTIMEDIA 27.49% 27.49% NA NA 0 

COMPUTER MAINTENANCE 10.00% 30.00% NA NA 0.9 

CONSTRUCTION 6.38% 15.96% NA NA 1.6 

CULINARY ARTS 9.76% 9.76% NA NA 0.7 

DIESEL MECHANICS 33.33% 30.77% NA 734 2.8 

ELECTRICAL TRADES 6.02% 16.87% NA NA 0.8 

HEATING. AIRCOND&REFRIG 3.08% 9.23% NA NA 0.5 

HORTICULTURE 16.00% 16.00% 691 NA 0.1 

HOSPITALITY&TOURISM 3.13% 9.38% NA NA 0.8 

LANDSCAPE DESIGN 11.11% 0.00% 728 NA 5.8 

MAJOR APPLIANCES 10.00% 10.00% NA NA 0 

MILL& CABINET MAKING 8.70% 8.70% NA NA 0 

PAINTING& DECORATING 10.71% 25.00% NA NA 0.6 

PLUMBING 5.77% 19.23% NA NA 3.2 

PRINTING&IMAGING 7.69% 15.38% 627 NA 0 

SHEET METAL 66.67% 0.00% 260 NA 2.5 

SMALL ENGINE REPAIR 5.00% 5.00% NA NA 0.3 

COMMUTER-AIDED DRAFTING 0.00% 17.39% NA NA 2.6 

TELECOMMUNICATION 6.67% 13.33% 603 NA 0.1 

TRUCK DRIVING 7.69% 7.69% NA NA 0 

WELDING 16.07% 14.29% NA NA 0.3 

OSHA GENERAL 4.29% 11.43% NA NA 1.6 

OSHA CONSTRUCTION 7.48% 14.40% NA NA 1.4 

Notes: Clusters 5 CNC MACHINING and Cluster 10 WAREHOUSE EQUIPMENT did not have any participants; 

Clusters 15 HOSPITALITY SERVICES and 22  RESTAURANT MANAGEMENT were merged with Cluster 15 

HOSPITALITY&TOURISM to improve sample size. Median Days – Median number of days (survival time) to event 
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Cost–Benefit Analysis by Cluster 

 Cost-benefit analysis by cluster faced the same challenge of small sample size as 

survival analysis by cluster. It is important to note, however, that the small sample size 

only affected the benefit side of the analysis. The cost side was based on sufficient data 

from WSD and therefore can be trusted for the reliability of cost estimates.  

Benefits by Cluster 

Benefits by cluster turned out to be the weakest point of the study from a 

measurement perspective. First, as mentioned earlier, people who took classes from 

multiple clusters were excluded, which reduced the number of people in the treatment 

group for each cluster. The low number of people in most clusters resulted in poor 

matching. Table 15 contains sample sizes and matching results for each of the clusters.  
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Table 17. Propensity Score Matching Results by Career Cluster 

 

Cluster Name 

 

Cluster 

Number 

 

Number in 

   Treatment 

 

Number in 

Control 

 

PSM 

 

 

ALL ALL 1500 1500 Good Match 

AUTOMOTIVE 1 95 95 Fair Match 

BRICKLAYING&STONE MASONRY 2 21 21 Fair Match 

COMPUTER INFO SYSTEMS 3 171 171 Fair Match 

IMAGE AND MULTIMEDIA 4 47 47 Poor Match 

COMPUTER MAINTENANCE 6 10 10 Poor Match 

CONSTRUCTION 7 94 94 Fair Match 

CULINARY ARTS 8 41 41 Poor Match 

DIESEL MECHANICS 9 13 13 Poor Match 

ELECTRICAL TRADES 10 83 83 Fair Match 

HEATING, AIRCOND&REFRIG 12 65 65 Fair Match 

HORTICULTURE 13 25 25 Poor Match 

HOSPITALITY&TOURISM 14 64 64 Poor Match 

LANDSCAPE DESIGN 16 18 18 Poor Match 

MAJOR APPLIANCES 17 10 10 Poor Match 

MILL& CABINET MAKING 18 23 23 Poor Match 

PAINTING& DECORATING 19 28 28 Poor Match 

PLUMBING 20 52 52 Poor Match 

PRINTING&IMAGING 21 13 13 Poor Match 

SHEET METAL 23 3 3 Poor Match 

SMALL ENGINE REPAIR 24 20 20 Poor Match 

COMMUTER-AIDED DRAFTING 25 23 23 Poor Match 

TELECOMMUNICATION 26 15 15 Poor Match 

TRUCK DRIVING 27 13 13 Poor Match 

WELDING 28 56 56 Fair Match 

OSHA GENERAL 29 70 70 Fair Match 

OSHA CONSTRUCTION 30 361 361 Good Match 

Notes: Clusters 5 CNC MACHINING and Cluster 10 WAREHOUSE EQUIPMENT did not have any 

participants; 

Clusters 15 HOSPITALITY SERVICES and 22  RESTAURANT MANAGEMENT were merged with 

Cluster 15 HOSPITALITY&TOURISM to improve sample size.  
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This means that, with the exception of Cluster 30, in which a good match was 

achieved, the outcome evaluation and the cost-benefit analysis by cluster could be 

trusted. Second, the measure of benefit in this study, defined as the difference in the cost 

of crimes committed by the control group vs. treatment group, depended upon a single 

low probability event—crime. This further reduced the amount of information by which 

the measure of benefit was calculated.  Specifically, 16 of 26 clusters had less than 10 

crimes committed cumulatively by both the treatment and the control groups, and 21 of 

26 clusters had less than 20 crimes committed cumulatively by the treatment and control 

groups. In the face of nonrandom assignment and poor matching, such little information 

on benefit was unreliable in determining cost-effectiveness. Table 15 contains some 

descriptive characteristics of each of the clusters. 
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Cluster 30, on the other hand, achieved good matching, which means its cost-

effectiveness could be determined from the cost-benefit results. The per participant 

benefit for Cluster 30 was $4,375. That is 44.0% higher than $3,039 per participant 

benefit for the total sample.  

Costs by Cluster  

Unlike benefits by cluster, which were estimated based on matching, costs by 

cluster were estimated based on total attendance and budget/expenditure data provided by 

WSD and, therefore, yielded very reliable estimates on both the price of each type of 

cluster and the average number of hours people typically attend the cluster. This means 

that the cost-by-cluster estimates could confidently be used for future cost calculations 

and for future cost-benefit studies of CTE programs. Moreover, the reliability of these 

cost estimates is the same for all clusters, because cost estimates are not dependent on 

matching. Clusters varied greatly on both attendance hours and number of participants. 

Therefore, the best way to compare the clusters on the cost side was by considering the 

cost per hour of instruction for a single participant (unit price). Table 18 provides 

information on the average number of attendance hours, unit price, and total costs per 

cluster.  Average course participation was 360 hours. Truck Driving (Cluster 26) had the 

longest average participation at 670 hours, while OSHA Construction (Cluster 30) had 

the shortest participation at 10 hours. The average unit price per offender by hour was 

$6.89. Landscape Design, Construction, and Maintenance (Cluster 16) had the highest 

unit price of $12.80, while Telecommunications & Connectivity (Cluster 26) had the 

lowest price at $4.69. In terms of overall cost, the average cost of CTE education was 
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$2,627. Truck Driving (Cluster 26) was the most expensive cluster, with a $5,572 total 

cost of education per participant, while OSHA Construction was the cheapest, at only $51 

total of education per participant. One of the main reasons for OSHA Construction’s low 

unit price is that this course did not require any equipment, and that it could be taught by 

contracted labor due to its short duration.  
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Table 18   

Cluster Costs Per Participant 

Cluster 

Cluster 

Number 

Hours 

Per 

Participant 

Cost per 

Participant 

Hour 

Per 

Participant 

Costs 

AUTOMOTIVE 1 347  $7.11   $2,467  

BRICKLAYING&STONE MASONRY 2 337  $6.83   $2,303  

COMPUTER INFO SYSTEMS 3 383  $7.00   $2,683  

IMAGE AND MULTIMEDIA 4 444  $7.00   $3,109  

COMPUTER MAINTENANCE 6 374  $10.65   $3,987  

CONSTRUCTION  7 369  $6.48   $2,395  

CULINARY ARTS 8 397  $6.68   $2,652  

DIESEL MECHANICS 9 443  $6.55   $2,900  

ELECTRICAL TRADES 10 414  $6.88   $2,849  

HEATING. AIRCOND&REFRIG 12 412  $6.73   $2,772  

HORTICULTURE 13 386  $5.37   $2,070  

HOSPITALITY&TOURISM 14 428  $5.06   $2,164  

LANDSCAPE DESIGN 16 386  $12.80   $4,945  

MAJOR APPLIANCES 17 387  $6.83   $2,643  

MILL& CABINET MAKING 18 413  $7.14   $2,949  

PAINTING& DECORATING 19 421  $6.85   $2,885  

PLUMBING 20 380  $7.28   $2,768  

PRINTING&IMAGING 21 361  $7.32   $2,642  

SHEET METAL 23 297  $7.41   $2,200  

SMALL ENGINE REPAIR 24 375  $7.46   $2,797  

COMMUTER-AIDED DRAFTING 25 386  $7.76   $2,993  

TELECOMMUNICATION 26 147  $4.69   $690  

TRUCK DRIVING 27 670  $8.31   $5,572  

WELDING 28 379  $7.26   $2,751  

OSHA GENERAL 29 11  $4.88   $55  

OSHA CONSTRUCTION 30 10  $4.88   $51  

Average  360  $7.05   $2,627  

Notes: Clusters 5 CNC MACHINING and Cluster 10 WAREHOUSE EQUIPMENT did not have any 

participants; Clusters 15 HOSPITALITY SERVICES and 22  RESTAURANT MANAGEMENT were 

merged with Cluster 15 HOSPITALITY&TOURISM to improve sample size.  Median Days – Median 

number of days (survival time) to event 
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Net Present Value and Benefit to Cost Ratio 

 As Cluster 30 was the only cluster with a reliable measure of benefit, I will report 

cost-benefit results for this cluster only. Cluster 30 demonstrated a very high NPV of 

$4,325 per participant; this is more than 4 times higher than the $1,067 average NPV for 

all CTE courses. Such a high NPV is mostly due to the very low cost of OSHA 

Construction, both in terms of unit price and the number of hours required to complete 

the course. This makes OSHA Construction an extremely worthy investment.  

Sensitivity Analysis by Cluster  

The sensitivity analysis by cluster that was conducted on OSHA Construction 

(Cluster 30) had reliable measures of both benefits and costs and also on cost estimates 

for all clusters.  

 Since Cluster 30 did not utilize any equipment, the only difference in parameter 

estimates came from the alternative value of the cost of crime (benefit) and from the 

alternative values of the cost of utilities. Table 20 contains the results of the sensitivity 

analysis for Cluster 30. It is evident that, despite changes in the value of benefits and costs, 

Cluster 30 maintained a high cost effectiveness, with an NPV ranging from $4,325 to 

$4,767.  
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Table 19   

Cluster 30 Sensitivity Analysis 

Per Participant Low Medium High 

Costs Per Hour  $4.87   $4.88   $4.89  

Total Costs   $51   $51   $51  

Benefits   $4,375   $4,375   $4,818  

NPV   $4,325  $4,325   $4,767  

BCR $86.44 $86.27 $94.75 

 

 Sensitivity analysis on costs by cluster was based on the value of equipment and on 

utility costs. As discussed earlier, the equipment was valued based on its remaining useful 

life. For the sensitivity analysis, all equipment was valued as new: at its original price 

inflated to 2015 dollars.  The utility costs ranged from 1.4% to 1.8% of total costs. The 

results from this analysis are presented in Table 21. The average unit cost varied from $7.03 

to $7.29. As expected, substituting equipment costs from existing to new had a much 

greater impact on cost estimates than increasing the estimate for utilities. Clusters most 

affected by the changes in the cost of equipment were Printing and Imaging Technology 

(Cluster 21) and Sheet Metal (Cluster 23), for which costs increased by 17.4% and 14.4%, 

respectively. For the rest of the clusters, the change was less than 8%.  
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Table 20   

Cost per Participant Hour 

Cluster High Cost Medium Cost Low Cost 

AUTOMOTIVE  $7.40   $7.11   $7.09  

BRICKLAYING&STONE MASONRY  $6.90   $6.83   $6.82  

COMPUTER INFO SYSTEMS  $7.04   $7.00   $6.99  

IMAGE AND MULTIMEDIA  $7.02   $7.00   $6.98  

COMPUTER MAINTENANCE  $10.93   $10.65   $10.63  

CONSTRUCTION   $6.58   $6.48   $6.47  

CULINARY ARTS  $6.74   $6.68   $6.67  

DIESEL MECHANICS  $6.95   $6.55   $6.54  

ELECTRICAL TRADES  $6.95   $6.88   $6.87  

HEATING. AIRCOND&REFRIG  $6.84   $6.73   $6.72  

HORTICULTURE  $5.63   $5.37   $5.36  

HOSPITALITY&TOURISM  $5.11   $5.06   $5.05  

LANDSCAPE DESIGN  $12.91   $12.80   $12.78  

MAJOR APPLIANCES  $6.94   $6.83   $6.82  

MILL& CABINET MAKING  $7.42   $7.14   $7.12  

PAINTING& DECORATING  $6.90   $6.85   $6.84  

PLUMBING  $7.38   $7.28   $7.27  

PRINTING&IMAGING  $8.57   $7.32   $7.31  

SHEET METAL  $8.46   $7.41   $7.39  

SMALL ENGINE REPAIR  $7.67   $7.46   $7.44  

COMMUTER-AIDED DRAFTING  $8.20   $7.76   $7.74  

TELECOMMUNICATION  $4.87   $4.69   $4.68  

TRUCK DRIVING  $8.91   $8.31   $8.30  

WELDING  $7.48   $7.26   $7.25  

OSHA GENERAL  $4.89   $4.88   $4.87  

OSHA CONSTRUCTION  $4.89   $4.88   $4.87  

Average  $7.29   $7.05   $7.03  
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CHAPTER V 

DISCUSSION 

With nearly 3% of the adult population serving time behind bars and $1 trillion 

spent annually on incarceration-related costs, the United States is facing a substantial 

problem. In order for the federal and state governments to figure out the best ways to 

reduce the overgrown prison population and decide which correctional programs are 

worthy of the investment of public dollars, they will need high quality evidence.  

Prior research has shown that high quality correctional CTE programs can be both 

effective and cost-effective in reducing recidivism and increasing employment (Davis et 

al., 2013, WSIPP, 2017). However, whether or not the programs currently administered 

in the states are effective and cost-effective largely remains to be shown. The evidence 

from this study shows that the correctional CTE programs administered in Texas are both 

effective and cost-effective for offenders released on parole. 

Effectiveness 

Correctional CTE programs in Texas increase employment and reduce recidivism. 

In this study CTE participants were significantly more likely to be employed than non-

participants: the overall employment rate for CTE participants was 16.4% higher than for 

the control group, and the average “risk of employment” at any given point in time 

(hazard rate) was 35.0% higher for the treatment group when controlled for demographic 

and criminal history variables.  This study, however, was limited to those offenders who 

were released on parole and were therefore required to find employment as part of their 

parole agreement (unless they were retired or disabled). This requirement may have 
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inflated overall employment rates. Therefore, the effect of employment may not be as 

strong for the total sample of released offenders as has been for the paroled offenders.  

In addition to CTE program participation, Black race and older age were strong, 

but negative predictors of employment. The negative effect of older age is particularly 

surprising. Typically, older offenders have stronger employment outcomes than younger 

offenders (Uggen, 2000). The negative relationship between age and employment in this 

study could be due to the overall older age of offenders in the sample. The median age in 

the treatment and control groups was 35.4 years old. Further, the relationship between 

age and employment for CTE participants is likely to be non-linear. It can be 

hypothesized that younger participants had retained more from their primary education, 

were more comfortable with new technologies (e.g., computers), and had a greater 

capacity to grasp new information. At the same time, they may have been less mature and 

less motivated to change. Older offenders, on the other hand, could have been more 

mature and motived to change, but also could have struggled with learning new things, 

and could have faced age discrimination during the hiring process. Analyzing 

employment data with stratification by age may shed additional light on how offenders of 

different age groups respond to CTE programs.   

Another interesting finding from this study is that none of the criminal history 

variables had a strong effect on employment. This finding should be further explored 

with other samples of Texas offenders. 

One of the most important pieces of evidence about employment in this study is 

time to first job. According to the data, it took offenders quite a long time to find 

employment.  CTE participants took on average 94 days to find their first job, while the 
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control group took even longer —166 days. This translates into a job search period that 

lasted between three and five months. Other studies have suggested that the first three 

months postrelease is the most critical time for released offenders to secure employment 

(Cook, Kang, Braga, Ludwig, & O’Brien, 2015; Duwe, 2015). If this is true, shortening 

the job search period for released offenders could lead to even greater gains in 

employment.  

Another important takeaway from the effectiveness study is the evidence of the 

mediating effect of employment on recidivism. When considered alone, CTE 

participation significantly reduced recidivism. When considered with demographic and 

criminal history variables, the significant effect of CTE program participation on 

recidivism disappeared. This was due to the introduction of very strong predictors of 

recidivism: male gender, age, and previous incarcerations. Research shows that younger 

male offenders with a criminal history are the most likely to return to prison (Raphael, 

2014). Most notably, however, when employment was introduced into the model, not 

only did it become a significant negative predictor of recidivism, but it also reduced the 

predictive power of age and criminal history, while increasing the predictive power of 

gender.  Therefore, CTE participation leads to increased employment, which in turn leads 

to reduced recidivism. Postrelease employment appears to be the key factor in the 

reduction of recidivism among incarcerated offenders.  

The overall conclusion from the effectiveness study is that Texas correctional 

CTE programs are effective in reducing recidivism and increasing employment among 

offenders released on parole. This effectiveness could potentially be further increased by 

bridging the gap between CTE program participation and postrelease employment. 
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Programs akin to the Milwaukee Safe Streets Prisoner Release Initiative  (Cook et al., 

2015) and  EMPLOY (Duwe, 2015) that coordinate employment services immediately 

prior to and shortly after release were found to be effective in reducing recidivism and 

increasing employment.  WSD already has some mechanisms for connecting offenders to 

prospective employers. Expanding these efforts, and developing further connections with 

parole agencies and postrelease employment services outside of prison walls, could help 

further capitalize on the critical three-month-post-release period and subsequently reduce 

time to first employment. This, in turn, could lead to further reductions in recidivism. 

Finally, survival analysis for both employment and recidivism indicates that the 

gap in the outcomes between participants and nonparticipants is increasing over time. 

This means that with longer follow-up times, the effects of participation in CTE programs 

are likely to increase. Therefore, longer follow-up times (perhaps 3–5 years) are 

recommended to capture the full effect of CTE program participation. 

Cost-Effectiveness 

The current study has also demonstrated that WSD’s CTE programs are not only 

effective, but also cost-effective. Benefit was measured in the study as the difference in 

the cost of crimes committed by the control group and the treatment group. Each crime 

was monetized according to cost of crime estimates available in the literature (Cohen et 

al., 2004; McCollister et al., 2010) On the cost side, the analysis included both direct and 

indirect program costs. On average, correctional CTE programs yielded $1,067 in net 

cost and $1.54 per each dollar spent. As mentioned earlier, the benefits of the program 

are likely to increase, while program costs remain the same, which would further increase 

the cost-effectiveness of CTE programs.  
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One of the main contributions of this study to the field of correctional education is 

the analysis and reporting of program costs. Cost analysis included direct program costs, 

fringe benefits, allocation of indirect program costs, amortization of the equipment, and 

estimation of the cost of utilities. To my knowledge, this is the first study in which 

correctional CTE program cost at such level of detail was calculated and reported. The 

cost analysis framework used in this study could easily be applied to other studies on 

correctional education.  

Sensitivity analysis revealed that even if costs were higher, due to the purchase of 

new equipment or higher utility costs, the program would still remain cost-beneficial, at 

$1,022 of NPV. At the same time, an alternative monetization of the costs of crime 

(benefit) would lead to an even higher values of NPV—$1,492. 

Effectiveness by Cluster 

Another important contribution of the study is the effectiveness analysis and cost-

effectiveness analysis by career cluster. CTE courses were broken up into 26 career 

clusters, and separate analyses were carried out on each of the clusters. Unfortunately, the 

matching algorithm that worked well for creating a control group for the total sample did 

not produce good matching results for any of the clusters, except OSHA Construction 

(Cluster 30).  Therefore, OSHA Construction was the only cluster on which a meaningful 

effectiveness analysis could be carried out. The culprit for the poor matching was most 

likely the small sample size for the majority of the clusters. The analyses of the 

effectiveness by cluster were further complicated by the fact that one of the main 

outcomes, recidivism, was a low probability event, which occurred at the average rate of 

7.9% in the treatment group and 13.7% in the control group. This meant that the vast 
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majority of clusters had less then 20 crimes for both the treatment and the control groups 

combined.  

OSHA Construction was the cluster with the largest sample size (361 participants) 

and, therefore, had a well-matched control group. OSHA Construction participants had 

significantly higher employment (72.9% for treatment vs. 64.3% for control), and lower 

recidivism (7.5% for treatment vs. 14.4% for control). Time to employment for OSHA 

Construction participants was slightly shorter than time to employment in the general 

sample. OSHA Construction participants found a job in 89 days vs. 94 days for the total 

sample, on average.  

Cost-Effectiveness by Cluster 

It was previously discussed that the quality and the quantity of the information 

available about the cost side of program clusters was much better than for the benefit 

side, which relied on the failed matching process.  Therefore, cost analysis produced 

reliable estimates of cluster costs. Specifically, the study produced “unit price” estimates 

as well as enrollment hours averages for each of the career clusters, which were 

subsequently used to calculate the total per participant costs of CTE education for each of 

the career clusters. The average unit price for a CTE course was $7.05 per participant 

hour, and an average cost of a CTE education was $2,627 per participant, based on an 

average number of participant hours. These costs were based on the extensive data 

provided by WSD and could be used for future cost calculations for correctional CTE 

programs. 

The only reliable estimate of benefit was, again, for OSHA Construction. The 

cluster showed significant evidence of cost-effectiveness. OSHA Construction, which 
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teaches the basics of construction safety and provides an opportunity to earn an industry-

recognized certificate, yielded a net benefit of $4,325. This net benefit is four times 

greater than the average net benefit for all CTE courses ($1,067). Such high net benefit 

was due in part to the very low cost of class participation ($51 per participant). The above 

evidence reveals that OSHA Construction is a very promising course for adult 

corrections. Not only is OSHA Construction effective and inexpensive, it can also be 

completed in a short amount of time (an average of 10 hours), and it does not require the 

use of expensive equipment. This makes OSHA Construction a good candidate for CTE 

education in all sorts of correctional settings, including jails. Jails typically do not 

provide CTE education due to short incarceration terms. OSHA Construction could open 

jail doors to correctional CTE education and potentially reduce the rate of recidivism in 

jails. OSHA Construction has two additional advantages. First, due to the relative 

simplicity of program material it could be taught to students with a wide range of 

aptitude. Second, for the reasons discussed above, the course could be taught by a wide 

variety of instructors, including contractors, which could reduce the cost of instruction 

and improve program access in remote areas. 

Additional Benefits 

Research shows that increased employment and reduced incarceration have 

yielded many additional benefits to offenders and to society, some of which have not 

been taken into account in this study. Increased employment and reduced reincarceration 

among released offenders could improve the financial standing of their families, reduce 

welfare dependence, reduce homelessness, improve the educational achievement of their 

children, reduce participation in foster care, and have a positive impact on their 
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communities (McLaughlin et al., 2016; The White House, Office of the Press Secretary, 

2016).  Based on the research by McLaughlin et al. (2016), these benefits are likely to be 

quite substantial and should be evaluated in future research. 

Study Limitations 

This study has several limitations. The first limitation is a short time of follow-up. 

Once long-term, follow-up data become available, cost–benefit estimates could be 

recalculated at 3, 5, and even 10 years follow-up. The data used in this study are routinely 

collected by state agencies and could be used for more extended analysis of benefits.  

The second limitation is that several benefits were not measured due to inferior 

wage data. Poor quality wage data made it difficult to calculate the individual and 

taxpayer benefits as well as some of the additional societal benefits. Wage data are 

typically collected by parole officers. The data collection procedure is quite complicated. 

The parole officer must use a wage slip to enter the amount of wages, the hours, the 

frequency, and the duration of pay periods. Some of these statistics were entered 

incorrectly into the system. Simplifying and automating wage data collection procedures 

could improve the accuracy of measuring the financial well-being of released offenders 

and, thus, allow for the estimation of a greater variety of benefits from various 

correctional programs. The wage data could be very useful to decision makers and 

program administrators, not to mention released offenders and their families. 

The third limitation of the study is the inadequacy of the matching algorithms for 

clusters. To address this limitation in future research, I will attempt to use alternative 

matching techniques that may work better in small samples. Another way to mitigate his 

limitation  might be to expand the analysis from paroled offenders to all offenders 
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regardless of the type of release. This could potentially increase the sample size by 65%. 

The third way to address the issue of small sample size in clusters could be to group CTE 

courses into larger categories. 
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