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ABSTRACT 

 

Every year, thousands of ex-convicts in the United States undergo the challenging 

process of reentering society.  Contact with the criminal justice system can disrupt 

critical developmental experiences for young adults, often resulting in these 

individuals continuing a life of crime.  The purpose of this study is to determine if 

employment is an effective way for young adults to re-transition into society after 

being convicted for a crime, and therefore increases the likelihood of desistance 

from crime.  Using data from the NLSY 1997 cohort, the effects of employment 

status, weekly employment hours, and income on the length of time before an 

individual recidivates are estimated with Cox proportional hazard models.  The 

results suggest that employment and income both have statistically significant 

negative relationships with recidivism.  These findings are robust even when 

controlling for other factors that may be spuriously related to both employment 

and recidivism.    
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INTRODUCTION 

Every year, approximately 9 million unique individuals are released from the 3,365 local, 

state and federal jails and prisons in the United States.  In 2009, there were 87,000 federal 

convictions.
1
  As a result of both increasing incarceration rates due to tough on crime policies 

and a growing population, federal and state spending on incarceration has reached over $58 

billion (Pew Center on the States, 2011).  Theorists argue, and some empirical evidence suggests, 

that hawkish policies are effective at deterring crime (Witte, 1980; Levitt, 1997).  While this may 

be true, often times the ensuing incarceration or other structural barriers to reentry that come 

from tough on crime policies can result in individuals failing to re-integrate into society, thus 

making them more susceptible to committing additional crimes after their release.  Structural 

barriers may include limited access to employment and parole limitations on activities, such as 

curfews and travel restrictions.  Recidivism is, in fact, a major challenge – the three-year 

recidivism rate for inmates released from state prisons in 2004 was 43.3 percent (Pew Center on 

the States, 2011).  As such, crime policy should be as concerned with criminal recidivists as it is 

with first-time offenders.   

There are numerous challenges ex-convicts face when reentering society.  Nearly 70 

percent of all inmates in U.S. jails and prisons can be categorized as substance abusers or 

addicts.  They also tend to have low levels of education (60 percent have less than a high-school 

education) or vocational training (Solomon et al., 2008).  One of the key ways in which these 

barriers are particularly problematic is the transition back into the labor force.  A study 

conducted by Holzer, Raphael, and Stoll (2004) found that some of the more prominent barriers 

to reentering the labor force for ex-prisoners included low levels of education, lack of work 

                                                           
1
 BJS Federal Criminal Case Processing Statistics: http://bjs.ojp.usdoj.gov/fjsrc/var.cfm?t=new 



 2 

experience and vocational skills, and a reluctance on the part of employers to hire individuals 

with a criminal record.      

While reentry programs exist, their scope and quality are often poor, due to financial and 

capacity constraints.  One key challenge is the length of incarceration for jail inmates (i.e. those 

not sentenced to state or federal prison); 80 percent of jail sentences last less than one month.  As 

a result, most individuals do not have the opportunity to participate in reentry programs when 

they do exist, and the opportunities for support outside of the prison system are often even more 

limited.  While participation rates are higher for other types of reentry programs that may have a 

less direct effect on employment, such as substance abuse treatment, only fourteen percent of 

inmates participate in educational programs and less than five percent of inmates receive 

vocational training (Solomon et al., 2008).  Only fifteen percent of jails provide job search 

training, while only seven percent provide vocational training (Solomon et al., 2008).  While the 

rates of participation are higher for state prisoners (52 and 33 percent, respectively) there is still 

strong evidence that employment is a major challenge for all ex-convicts upon reentering society 

(Solomon et al., 2008).     

These reentry challenges can be particularly problematic for juveniles and young adults.  

It has been argued that contact with the criminal justice system may disrupt critical psychosocial 

development that is necessary for a successful transition into adulthood.  Many youth and young 

adults lack adequate support structures, have incomplete educations, and suffer from mental 

health or substance abuse issues (Mears & Travis, 2004).  Given that 28 percent of the inmate 

population is aged 18-24, and that most individuals who will commit a crime do so by the time 

they are 18, this is a critical demographic to address, and the focus of this study.
2
    

                                                           
2
 This age-crime relationship has been well documented in numerous studies.  See Farrington, 1986; Laub et al, 

1998.   
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Reentry programs are not the only way in which employment can be improved for 

individuals.  Many ex-convicts spend minimal or no time incarcerated, but these individuals may 

also face barriers to employment in the form of discrimination or legal structural barriers that 

punish individuals with criminal records.  As such, this study also includes ex-convicts in the 

sample that were not incarcerated.   

This study addresses two main questions: 1) does employment in and of itself reduce the 

likelihood that an individual recidivates; and 2) are there particular aspects of employment that 

are more or less important in the desistance process. The study is conducted using data from the 

National Longitudinal Survey of Youth (NLSY) 1997 cohort.  Both of these questions have 

important policy implications.  If employment has a significant impact on the recidivism process, 

it is important that policies are put in place to lower barriers to employment for all ex-convicts.  

If the quality of employment matters, programs aimed at increasing employment opportunities 

should focus on vocational training targeted at careers that pay more than just the minimum 

wage.  This study helps to shed light on these important policy issues.       
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LITERATURE REVIEW 

This section provides an overview of the existing literature related to the crime-

employment relationship.  This relationship has been studied for decades, with the majority of 

research using aggregate level data.  More recently, econometric and data developments have 

emerged that allow for the relationship to be studied at an individual level.  These studies have 

been of critical importance, but there are still numerous disagreements and holes in the research.  

Findings have been contradictory, and the data employed by individual-level studies is often 

limited to outdated longitudinal data with few control variables, or case studies that lack external 

validity.  This study uses data that avoids these issues, providing another critical piece of 

information to the employment-crime puzzle.   

Aggregate-Level Studies – The Unemployment-Crime Relationship 

The unemployment-crime relationship has been studied extensively for decades.  

Primarily, aggregate data at the state level has been utilized to test the employment-crime 

relationship, often because of the lack of adequate individual level studies (Cornwell & 

Trumbull, 1994).  Chiricos’s 1987 review of 63 studies on unemployment and crime conducted 

with aggeregate data demonstrates that while overall the relationship tends to be insignificantly 

positive, there is consistent evidence that suggests there is a substantial, significant positive 

relationship between unemployment rates and property crime rates.  This evidence supports the 

rational theory of crime put forth by Gary Becker, which argues that criminals engage in crime 

as a necessary alternative to legal means of income (1968).  Furthermore, Chiricos finds that 

studies using data from the 1970s tend to find more significant results than those using earlier 

data.  He argues that given the conditional nature of the unemployment-crime relationship, little 
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is actually fully understood about the issue. Several studies were conducted after this review that 

focus on the differential ways in which employment affects certain types of crime.  These studies 

have employed more advanced analytical strategies and provided evidence that there is a 

significant relationship between certain aspects of unemployment and property crime rates.   

Using state-level data from 1977-1980 for male juveniles (aged 14-17) and young adults 

(aged 18-24), Allan and Steffensmeier (1989) studied the relationship between the property 

crime arrest rate and four employment characteristics in the state: the unemployment rate, the 

sub-employment rate (measured as individuals who had been searching for employment and 

have chosen to exit the labor force), the low-hour rate (measured as the percent of the labor force 

working part-time) and the low-wage rate (measured as the percent of the labor force with sub-

poverty-level wages). Rather than using state fixed effects, Allan and Steffensmeier control for 

broad geographic location and trending over time by including year dummies.  They find that 

unemployment and low-wage employment have significant impacts on property crime rates for 

young adults.  Additionally, they find that part-time and low-wage employment have the most 

significant, negative effects on property crime.  Choosing to exit the work force did not have a 

significant effect on crime, except in the case of burglary rates for young adults.   

Doyle, Ahmed, and Horn (1999) also utilized state panel data to study the effect of 

employment on property crime.  Specifically, they look at the effect of “opportunity wages” in a 

state, calculated as the expected wages given average wages and employment rates within the 

state, as well as sector-level wages, and income inequality (using the gini coefficient), using data 

from 1984-1993.  Unlike Allan and Steffensmeier, Doyle et al. use state fixed effects to control 

for unobserved differences across states.  They conclude that wages have a significant, negative 

effect on both property and violent crime rates, but that the inclusion of wage-inequality does not 



 6 

provide any additional explanatory power beyond that captured by wages and average income 

levels.   

Raphael and Winter-Ebmer (2001) went beyond the fixed-effects model, and 

incorporated instrumental variables to account for potential spuriousness between employment 

and crime rates.  Using state level data from 1971-1997, Raphael and Winter-Ebmer 

instrumented state employment rates using the number of military contracts receieved and the oil 

price (standardized using average state prices) interacted with the percent of the labor force 

composed of manufacturing jobs. By also controlling for state fixed effects, the empirical 

strategy is rather convincing in its ability to account for potential omitted variable issues.  

Raphael and Winter-Ebmer find that “unemployment exerts a consistent, positive, and highly 

significant effect on the total property crime rate.”  The relationship between unemployment and 

violent crime is less clear.   

Individual Level Studies – Employment and Recidivism 

There are far fewer studies that utilize individual-level data, particulary longitudinal data, 

for studying the effect of employment on individuals’ decisions to participate or desist from 

criminal activity, because of the challenge of collecting such data.  Parceling out the 

complexities of the employment-crime relationship has proven to be equally as challenging at the 

individual level.  One of the major contentions in the literature is the ability of studies to 

adequately control for the spuriousness of employment and crime.  Numerous underlying 

personal characteristics that are often unobserved may drive individual decisions to both 

participate in crime and seek employment.   
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Hirschi and Gottfredson (1983) posit that age directly impacts crime, independently of 

other causal factors.  Determinants of criminal activity are determined during childhood, and 

these personality traits are stable throughout the life-course.  Desistance from crime simply 

occurs from a natural maturation process over time.  Any associations between crime and 

characteristics in adulthood, such as employment, are simply the result of the spurious 

relationship between those characteristics and aging.  These results have been quite 

controversial.  In 1993, Sampson and Laub conducted a study intended to contradict these 

findings and interpretations.   Based on their findings, they interpreted the desistance process 

differently, arguing that the development of social bonds through work and family induces self-

control, which lowers the likelihood of participation in criminal activity.   

Laub, Nagin and Sampson (1998) expanded on Sampson and Laub’s (1993) research 

using longitudinal data from the Gluecks’ seminal study on delinquent boys from the 1950s.  

Specifically, semiparametric Poisson mixture models were used to observe the effects of 

employment and marriage on the decision to desist from crime.  To control for those innate 

characteristics Hirschi and Gottfredson cited as the sole determinants of crime, Laub et al. 

created projections of offending rates in a first-stage regression, based on “enduring individual 

differences.”  These projections were then controlled for in the second-stage Poisson models.  

Based on the second-stage results, they conclude that job stability has a significant impact on 

desistance from crime, while personality traits and family influences do not differentiate 

desisters from non-desisters.  This finding is in stark contrast to that of Hirschi and Gottfredson.  

Another important theoretical debate in the literature on employment and crime is 

whether rational choice theory, first developed by Becker (1968), is a valid explanation of crime.  

Specifically, the theory is that the availability of financial resources (i.e. wages) reduces an 
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individual’s need to partake in criminal activitiy, and therefore reduces their likeihood to commit 

criminal acts.  Witte (1980) and Myers (1983) used individual level data to model  rational 

choice theory, and came to distinctly opposing conclusions.  Witte employed data on 641 men 

released from North Carolina prisons in 1969 or 1971 to study the effect of the hourly wage rate 

on the likelihood of being rearrested or reconvicted after release from prison (with an average 

follow-up period of 39 months).  She concluded that  wages do not deter crime across the board 

and only have a weak deterrent effect on property crime, while increasing the probability of 

punishment has a strong deterrent effect on all types of crime.   

Myers (1983) replicated these studies using two different data sets – a random sample of 

2,127 federal prisoners released in 1972, and a sample of 432 males released from Maryland 

state prisons in the Baltimore area during 1971 and 1972.  In both studies, he finds that the 

probabilty of punishment is actually positively related to particpation in crime.  Looking at a sub-

sample from the Baltimore dataset of repeat property offenders, Myers finds that higher wages 

have a consistently stong, negative effect on property crime.  Myers’ conclusions have been 

supported by additional studies that model the rational choice theory of crime (Grogger, 1998; 

Pezzin, 1995).   

The Complexities of the Unemplyment-Crime Relationship 

There are numerous studies addressing the complexities of the unemployment-crime 

relationship in the context of criminal recidivism. Researchers have used different aspects of 

employment as independent variables to determine exactly what elements of employment, and 

under what individual conditions, crime may be reduced.  For instance, several studies have 

found that employment effects are dependent upon age.  Uggen (2000) studied recidivism among 

individuals that had been incarcerated between September 1974 and February 1975.  In March 
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1975, a portion of those individuals were randomly assigned to participate in the National 

Supported Work Demonstration, which provided minimum-wage jobs, primarily in the 

construction and service industries.  Using event history analysis, Uggen measured the 

relationship between employment and crime over a three-year period, with a two week lag. 

Although he did not find a statistically significant relationship between participation in the 

program and desistance from crime, Uggen did find a significant negative effect on the 

interaction between participation and age (measured as a dichotomous variable for individuals 

older and younger than age 26), and concluded that the program had a significant negative effect 

on recidivism, but only for individuals over age 26.    

Tripodi et al. (2009) used Cox proportional hazard models to observe the effect of 

employment upon release from prison on the hazard of recidivating, using a sample of 250 Texas 

male parolees released from prison between 2001 and 2005.  The authors found that the 

likelihood of recidivism does not significantly decline with employment, but the hazard rate, 

although statistically insignificant at standard levels, is 17 percent lower for employed parolees. 

Tripodi et al. did not use an interaction between age and employment, which may have lead to 

significant results, as was the case with Uggen.  However, the average age in the sample was 36, 

with a standard deviation of 9.6.  Assuming a normal distribution, 85 percent of the sample 

would be over age 26.  This is a limitation of the study, and may be the attributing factor for the 

clinical significance of the hazard differential.
3
   

Another important issue is what particular aspects of employment explain differences in 

criminal desistance across individuals.  Wadsworth (2006) studied the effects of employment on 

                                                           
3
 Additional limitations of the study include inadequate control variables (in particular, substance use), external 

validity given the small size and geographical homogeneity of the sample, and employment being measured as a 

single point upon release from prison.  Such a measurement does not account for individuals who found a job after 

the initial measurement, or the length of employment of individuals.   
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crime (although not recidivism), for young adults specifically, using a subset of the National 

Longitudinal Study of Youth (1979) of individuals who were ages 18, 19 or 20 in 1980.  Since 

criminal activity was only measured in one year, 1980, he measured the effect of employment in 

1979 on crime in 1980.  Wadsworth went beyond the conventional measures of employment 

status and job stability, looking instead at whether the individual received fringe benefits, 

including health benefits and paid vacation, as well as a series of “job quality” measures.
4
  He 

used 2SLS Heckman probit models to account for spuriousness between job benefits and crime 

before running an OLS model.  He found that benefits and job quality are both statistically 

significantly associated with committing less property crimes, as well as less violent crimes, 

while job stability and individual income are not.  He concluded that this is evidence in support 

of Sampson and Laub’s life-course perspectives, and contradictory to rational choice theory.  

Uggen (1999) also found evidence from the National Work Demonstration Program that job 

quality has an additional positive influence on the desistance process beyond just being 

employed, and that those effects are not limited to property crimes.   

Overall, evidence suggests that while there appears to be an employment-crime 

relationship, there are important caveats, for which results are not always robust.  The primary 

concern that must be taken into account by any study on crime is the ability to control for other 

variables that drive an individuals decision to participate in crime.  Given the high 

interrelatedness of the variables that explain crime, it is quite challenging to parcel out any single 

effect.  This study builds on the existing literature by using a longitudinal dataset that is rich with 

variables that can control for much of this potential spuriousness.  Furthermore, the data is very 

                                                           
4
 The measures include “job is secure,” “pay is good,” “do things that you do best,” “chances for promotion are 

good,” and “job is significant in broader scheme.” All are scored on a 1 to 5 scale, with 5 being highest.  
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recent and surveys a nationally representative sample of the population , providing greater 

external validity than previous studies.     
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CONCEPTUAL FRAMEWORK AND HYPOTHESES 

The purpose of this study is to empirically measure desistance from crime, defined as the 

“underlying causal process” through which criminal activity ceases (Laub et al., 1998).  

Considering deterrence as an ongoing process, and in order to observe heterogeneity across 

recidivists in a sample, this study takes into account the duration of desistance from crime, rather 

than whether or not one simply recidivates.  This is based on the theory that desistance is an 

ongoing process, and as such it is possible for recurring criminal activity to occur during that 

process.  Longer spells of criminal inactivity suggest an individual has come closer to complete 

desistance.  This theory can be considered in the context of alcoholism: an alcoholic who has 

limited their drinking to once a month should be distinguished from one who continues to drink 

daily – it would not make empirical sense to lump these two individuals together simply because 

they have not desisted from alcoholic consumption entirely.  This theoretical framework 

permeates much of the more recent recidivism literature (Uggen, 2000; Kurlychek et al., 2006; 

Huebner et al., 2007; Tripodi et al., 2009).   

This study models desistance based upon Sampson and Laub’s life-course theory of 

criminology, rather than Hirschi and Gottfredson’s age-maturation theory.  Life-course theory 

requires consideration of one’s path to desistance in the context of the entire life-course, 

including pre-reentry, criminal sentencing, and post-reentry experiences (Sampson and Laub, 

1993).   The primary hypothesis being tested in this study is that there are turning points in the 

life-course that can alter the crime trajectory for individuals.  In particular, attaining employment 

can provide a source of stability that reduces an individual’s likelihood to participate in criminal 

activity.  Additional post-reentry characteristics, such as family responsibilities, may also impact 

an individual’s decision to desist from crime.   
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To parcel out the effects of employment on criminal recidivism, this study includes 

additional characteristics spanning an individual’s life-course that may influence the desistance 

process.   First, characteristics are included that are believed to influence the original 

development of a criminal disposition within the individual, referred to as “pre-reentry” 

characteristics.  These include education level, delinquency as a youth, and prior contact with the 

criminal justice system.  The theoretical grounds for including these variables are that criminal 

trajectories are largely driven by characteristics developed in adolescence (Glueck & Glueck, 

1968; Hirschi & Gottfredson, 1983).  Furthermore, contact with the juvenile justice system may 

disrupt the developmental processes necessary for a successful transition into adulthood.  For 

instance, detention and incarceration can both disrupt critical social development processes, as 

well as education and employment opportunities for a youth, thus resulting in negative 

repercussions in adulthood.  This study tests the hypothesis that these characteristics, developed 

early in life, can influence the decision to participate in criminal activity throughout the life 

course of the individual.  However, unlike Hirschi and Gottfredson (1983), they are not believed 

to be more important than any post-reentry characteristics that may alter the life course, such as 

employment.   

The actual incarceration or conviction experience of an individual may also have 

important implications for whether or not the individual will recidivate.  Being convicted as a 

felon creates a label that may follow a person throughout their life, with negative implications for 

employment prospects (Chiricos et al., 2007).  The incarceration experience may sever social ties 

and employment opportunities, particularly when the incarceration lasts for an extended period 

of time (Huebner, 2005; Western, 2002).  Finally, new social ties are often developed within 

prison that may foster gang membership and therefore increase the likelihood of criminal activity 
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after release from prison (Huebner et al., 2007).  As such, the anticipated effect of the 

incarceration experience is that it will increase the likelihood of recidivism.   

Lastly, and of most interest to this study, changes in the life-course upon reentering 

society have important implications for whether an individual will choose to desist from criminal 

activity.  While this study focuses on employment, there are numerous other transitional events 

that must be taken into account.  First, family responsibilities, such as children and marriage, 

have been cited as strong determinants of whether an individual chooses to desist from crime 

(Farrington & West, 1995; Sampson & Laub, 1993).  Second, engagement in pro-social 

activities, such as enrollment in school or working, can encourage desistance.  The availability of 

such opportunities may be influenced by the location in which an individual lives.  Finally, 

substance abuse can play a major role in whether or not an individual is able to successfully re-

transition into society.  

The main hypothesis of this study is that while underlying personal characteristics and 

changes in family responsibilities may explain a portion of the employment-crime relationship, 

employment in and of itself can still affect the desistance process.  Employment provides 

financial resources that reduce the need for illegal sources of income.  Additionally, employment 

provides an individual with a stake in societal norms that encourages the individual to desist 

from crime.  This study tests this hypothesis by using ample controls that help to parcel out the 

direct effects of employment and income on desistance from crime.    
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DATA AND METHODS 

This study looks specifically at the effects of being employed, the number of hours 

worked per week, and income on the likelihood that an individual that has been convicted of a 

crime over the age of 18 will be reconvicted.  To measure these effects, survival analysis was 

conducted using Cox proportional hazard models.  This method was chosen for both theoretical 

and statistical reasons.  Unlike logistic models, hazard models differentiate individuals that 

recidivate based on the length of time before they recidivate.  Maturation out of crime is not an 

instantaneous decision, but rather a process that may be occurring even as the individual still 

participates in criminal activity.  Longer time periods between criminal acts are an indicator that 

the person is moving toward desistance.  This process can be captured using survival analysis.   

The data was constructed to accommodate changes in the values of certain variables over 

the period of observation.  Employment status, as well as other post-reentry control variables in 

the data, are defined on a monthly basis.  This analytical framework supports the conceptual 

framework outlined earlier: employment can serve as a substitute for criminal activity and 

provide a stake in societal norms, therefore encouraging desistance from crime.  As such, the 

assumption built into the model is that employment effects on recidivism occur simulataneously 

with the time of employment, and dissipate almost immediately when employment is lost.  This 

study utilizes methods that capture these effects by observing employment effects at monthly 

intervals on the likelihood of recidivism during the same time periods.   

There are two processes dicussed in this section: the process of constructing a dataset 

appropriate for survival analysis using the NLSY 1997 data, and the actual statistical methods 

used on the final dataset.  All of the findings from these methods are reported in the Results 

section.     
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Data Construction 

Answering the theoretical questions outlined above requires a longitudinal dataset with a 

rich set of control variables.  As such, data from the 1997 cohort of the National Longitudinal 

Study of Youth (NLSY97) is used to test the relationship between employment and desistance 

from crime.  The entire NLSY97 cohort consists of 8,984 randomly selected individuals born 

between the years of 1980 and 1984.   These individuals were interviewed on an annual basis 

between 1997 and 2008.  This dataset was chosen for several reasons.  First, since the sample 

was randomly selected, the selection issues that occur with studies on program participation are 

avoided.  Further, there is greater variety in the sample than in previous studies observing 

released prisoners from a particular prison or region, which may have specific qualities 

undermining the external validity of those studies.
5
  Finally, the longitudinal nature of the study 

provides a wealth of data on both pre- and post-reentry characteristics of these individuals over 

an extended time period. 

The observed population within this dataset is individuals that were convicted of a crime 

as a young adult (age 18 to 28).
6
   Recidivism is then tracked through the time period after that 

initial conviction.  The intention of this study is to observe the ways in which employment 

impacts reentry processes for young adults specifically.  Contact with the criminal justice system 

can disrupt important maturation processes, making reentry into society more challenging for 

these individuals and increasing the likelihood that they will recidivate (Uggen, 2000).  As 

discussed earlier, there is a strong age-crime relationship established in the literature.  This study 

                                                           
5
In selecting the NLSY cohort, a national cross-sectional sample was taken, and then an oversample was derived 

from two independently selected, stratified multistage area probability samples. By doing so, the final NLSY cohort 

was composed of individuals that accurately represented different sections of the population defined by race, 

income, region and other factors.   
6
 Due to data limitations, it is not known whether these individuals were convicted in the adult criminal justice 

system or adjudicated delinquent in the juvenile justice system.  However, the purpose of the study is to determine 

the impact on contact with the justice system generally for a population that is undergoing an important transitional 

period into adulthood, not to study the effects of specific aspects of that contact.   
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aims to evaluate the determinants of recidivism within this particularly high-risk age group.  

After accounting for missing observations for key variables of interest, the sub-sample used in 

the study consists of 719 young adults who were convicted and reentered society as young adults 

(age 18 or older).
7
  

Hazard models require data that indicate the entry and exit of an individual into the study 

(i.e., the time at which the individual is considered “at risk” for failure), and whether the 

individual “fails” during the time period under observation.  To construct such data, individuals 

in the NLSY cohort were considered at risk for failure (recidivating) after their first conviction 

for a crime when they are at least 18 years of age.  The month and year of arrest for this crime 

was used as the starting period of observation for the individual, unless the individual was 

incarcerated.  If incarcerated, the month and year of release was considered the starting period 

for the individual to be at risk for recidivating.  This starting date is often referred to as the 

“reentry date” or “time of reentry” through the rest of this paper.  An individual exits the sample 

either after recidivating or after the last date surveyed (January 1, 2009 for individuals that did 

not attrite from the survey).  Cox proportional hazard models account for such right censoring in 

the data, a key reason that they were chosen as an appropriate model.  

It is important to note that for those individuals who were not incarcerated, entry time 

into the study may not be perfectly measured.  Detention and sentencing processes could affect 

how soon an individual is actually at risk for recidivating after being arrested.  This study 

assumes that individuals who are not incarcerated are likely low-level offenders, and therefore, 

variations in the detention and sentencing processes would be random enough to make the date 

of arrest a valid proxy for the time an individual becomes at risk for recidvating. 

                                                           
7
Due to missing data, the final sample sizes are 719, 717, and 712 depending on the employment variable of interest 

used in the model.   
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Using criminal conviction as the definition for being “at risk” is broader than many 

studies that often look at recidivism among only ex-prisoners.  In addition to providing a larger 

sample size, this definition was chosen because criminal convictions can also impact an 

individual’s “reentry” (defined as the time after being convicted) into society.  Having a criminal 

record, with or without prison time, may impact an individual’s employment opportunities.  

Additionally, this broader definition allows for more variation in the sample so that differences 

in recidivism outcomes can be observed for such characteristics as whether or not the individual 

was incarcerated.   

The outcome of interest in this study is whether or not an individual recidivates, defined 

as being reconvicted for a crime after the reentry date.  The length of survival, coupled with 

whether or not the individual recidivates, is taken into consideration to build a hazard ratio, 

which acts as the dependent variable in the Cox models.  The computation of the Cox hazard 

ratio (detailed in the statistical methods sub-section below) provides a more nuanced dependent 

variable than a simple dichotomous measure of whether or not an individual recidivates because 

it accounts for changes in the relative risks of recidivism across time.   

 There are three primary independent variables of interest – employment status, 

employment hours, and income.  Employment status and hours are measured on a weekly basis 

in the NLSY dataset.  Employment status is a dichotomous measure indicating whether or not the 

person is employed, and employment hours are the total hours worked per week.  The values for 

employment status and hours in the first week of the month are extrapolated to the entire month 

in order to make the interval of time in the study more manageable.  Income is measured on an 

annual basis in the NLSY data, and therefore is an imperfect measure of wages.  Income for the 

year is extrapolated to the months in that year when the individual was employed.  The 



 19 

assumption inherent in such a construct is that the level of income is constant throughout the 

year, which may or may not be true, but cannot be ascertained given the way the income data is 

reported.  However, this measure serves as a proxy for monthly wages, given that variation in 

wages across jobs in a single year is likely constrained by an individual’s earnings potential.  As 

such, it is used in the study as a measure of employment earnings.   

The remaining independent variables that are controlled for in the analysis can be 

grouped into four categories: demographic characteristics, pre-reentry characteristics, context of 

crime, and post-reentry characteristics.  Pre-reentry is defined as the time period prior to the first 

crime the individual committed as an adult.  Post-reentry is considered the time after that initial 

crime, also referred to as the time period during which the individual is at-risk for recidivating.  

All variables in this category are measured at monthly intervals to capture changes over time.   

Demographic characteristics included in the study are race, ethnicity, age, and gender.  

Race is constructed as three mutually exclusive dichotomous variables: “white,” “black,” or 

“other.” Other includes any race group that does not fall under “white” or “black”, including 

Asians, Pacific-Islanders, and Native Americans.  Ethnicity captures whether an individual is 

Hispanic.  Hispanics primarily fall under the “white” race category, but there are some black 

individuals in the dataset that identify themselves as being Hispanic.  Gender is a dichotomous 

variable indicating whether the individual is male or female (with female as the ommitted 

category).  Age is measured as the age of the individual at the time of reentry, and ranges from 

18 to 28.  A non-linear specification of age was not included in the model because of the small 

range of ages.  Preliminary model link-tests suggested that a squared-term was not an appropriate 

specification for the age variable.   
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Three pre-reentry characteristics are controlled for in the models – education, prior 

arrests, and delinquency.  Education is measured as the total number of completed years of 

schooling as of the year before the individual is considered at risk for recidivating.  A value of 

“12” is associated with completing high-school, “16” is associated with completing college, and 

so on.  Prior arrests is the total number of times an individual has been arrested as an adult or 

juvenile, including the crime used to determine when the individual is at risk.  Therefore, the 

lowest value for prior arrests in the data is 1.  Delinquency is an index created in the NLSY 

dataset that ranks individuals on a 1 to 10 scale, with higher scores indicating more incidents of 

delinquency.  The index is based on self-reported behaviors, including running away from home, 

carrying weapons to school, or gang involvement, that are not captured in the crime data.  The 

index was created each year that the youth was age 17 or under, and the most recent measure was 

used for individuals in this study.  The delinquency score and prior arrest variables are intended 

to capture inherent criminal tendencies that Hirschi and Gottfredson posit remain stable through 

the life-course.   

The context of crime variables are important for identifying how the likelihood of 

recidivating varies with type of crime, as well as sentencing.  Mutually exclusive dichotomous 

variables are included for nine crime types: robbery, burglary, theft, destruction of property, 

other property crime (including fencing, receiving, possessing or selling stolen property), 

possession of illegal drugs, selling illegal drugs, major traffic offense, and public order offenses 

(such as underage consumption of alcohol and disorderly conduct).  An additional variable was 

included to capture individuals whose crime type was not specified.  For sentencing, three 

dichotomous variables were created capturing if the individual was incarcerated, served 

community service, or put on probation.  These are not mutually exclusive categories.   
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The final category, post-reentry characteristics, includes variables that are measured on a 

monthly basis over the time period of observation.  This category includes characteristics that 

may influence the decision of an individual to desist from crime, and are important for 

controlling for spurious relationships with employment.  For instance, while employment may be 

correlated with recidivism, the relationship may be driven by other influences, such as family 

responsibilities, that are actually motivating the decision of an individual to both desist from 

crime, and seek employment.  To control for these potential biases, an individual’s marital status, 

whether they have any children, and whether they have any children living in the household are 

included in the models.  These are dichotomous variables that are measured on an annual basis in 

the NLSY survey.  The annual measure is extrapolated to to the relevant months in the year.   

The location of the individual is also controlled for in the models.  Three mutually 

exclusive, dichotomous measures are used, capturing if the individual lives in a metropolitan 

statistical area (MSA) central city, an MSA non-central city, or outside of an MSA.  These 

measures are also calculated annually in the NLSY data, so the annual data is extrapolated to the 

relevant months in the dataset.  Enrollment in school is another control, as it serves as an 

alternative positive influence on the desistance process that could occur simultaneously with 

unemployment.  Enrollment status is measured monthly in the NLSY data.  Lastly, hard drug use 

(excludes marijuana use) is included, as it may influence both criminal activities and 

employment prospects.  The NLSY measures hard drug use as the total number of times hard 

drugs were used in the year.  This annual measure is extrapolated to the relevant months in the 

dataset.  As is the case with income, there is inevitably some measurement error that occurs 

when assuming an annual measure of these variables is constant over the months in that year.  

However, such measures are necessary to capture changes in employment on a monthly basis, 
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and are still more accurate than many other studies that only control for factors based on a single 

snapshot in time.   

Statistical Methods 

The variables described above are used to produce three distinct models – one capturing 

employment effects, one capturing employment hour effects, and one capturing income effects.  

Given the high correlation among these three variables, they are included in the model separately 

to avoid individual effects being washed out due to multicollinearity.  These models track 

individuals throughout the time period when they are at risk for recidivism, which spans from 

January 1998 to December 2008.   

Because the individuals in the sample become at risk for recidivism at different times 

during the ten year time period being observed, and may not actually recidivate within the time 

being observed (right censoring), Cox proportional hazard modeling was selected as an 

appropriate survival analysis tool.  The semi-parametric functional form of the Cox model also 

motivated its use.  Because the Cox model does not assume a functional form for the baseline 

hazard rate, no arbitrary assumptions need to be made regarding its specification.  This is a 

primary reason the model is a popular tool for survival analysis.  The resulting parameterization 

of the hazard rate, h(t), is: 

h(t|X
i
) = h0(t)e

Xiβ
 

where h0(t) is the baseline hazard, an unspecified nonnegative function of time; Xi denotes the 

influence of covariates included in the model; and beta is the resulting coefficients from running 

the Cox model. 

 An important issue with hazard analysis is handling ties in the data.  The calculation of 

the hazard ratios involves estimating the conditional probability of failure given observed 
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failures occurring within the risk pool for failure at that time period.  When discrete time is used 

in the analysis, the risk pool cannot be accurately captured if failures occur simultaneously.  As 

such, statistical methods must be used to estimate the exact marginal likelihood of failure given 

these “ties” in the data.  The Efron method for ties was chosen for this study, which estimates the 

risk pool by accounting for the probabilities of different possible risk pools being the actual risk 

pool.
8
  This method more accurately estimates the exact marginal likelihood than the Breslow 

method, which just assumes the largest risk pool, a more conservative and inaccurate approach.  

While the Efron method is less accurate than the exact marginal and exact partial methods of 

estimation, the computational complexity of these methods precludes the use of time-varying 

covariates and robust standard errors, both of which are used in the models in this study.   

 In order to allow for variation in the values of covariates over time, there are numerous 

observations per individual in the study.  As such, fixed effects need to be accounted for.  This is 

done with the use of clustering in the model.  Specifically, residuals within clusters (in this case, 

within individuals in the study) are summed before being used to calculate the standard errors.  

All of the models in the study use the Efron model for ties and robust calculations of standard 

errors.  Link tests of the models that incorporate all of the control variables detailed above 

(reported as models E-4, EH-4, and I-4) suggest the models are correctly specified (see Appendix 

2).   

  An additional concern with the Cox model that must be addressed is the proportional 

hazard assumption, i.e., that the effect of the covariates on the hazards does not vary over time.  

A test of the proportional hazards assumption is conducted for each of the fully specified models, 

                                                           
8
For example, consider a sample with 5 individuals (e1 through e5), and in time t individuals e1 and e2 both fail.  

The risk pools from which these individuals failed will be a product of which individual failed first, but this cannot 

be observed with discrete time intervals. As a result the risk pool for analyzing the hazard ratio is unclear  - there is a 

½ probability that individual 1 or individual 2 would appear in the risk pool.  As such, Efron calculates the risk pool 

as 0.5(e1 + e2) + e3 + e4 + e5.  
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the results of which are reported in Appendix 3.  Specifically, the procedure tests the null 

hypothesis that there is no association between the residuals on the coefficients and time.  If the 

chi-squared value results in a p-value of .05 or less, the variable is considered to be time-

dependent.  Because the dataset is already split into numerous time periods, there are few 

variables that are problematic.  For those that are, additional models are run that interact those 

variables with time in order to control for their varying effects over time (reported as models E-

5, EH-5, and I-5 in Appendix 3).  

 The methods employed in this study are an important expansion of the recidivism 

literature.  The use of the NLSY dataset allows for ample controls that minimize the potential for 

employment effects to be the result of spurious relationships.  It also provides a broader sample 

than many studies that focus on particular groups (such as ex-prisoners in a particular state), 

increasing the external validity of the results.  Additionally, the use of time-varying covariates 

gives a more accurate picture of the employment-recidivism relationship than do studies that 

measure employment status as a single snapshot in time.   Lastly, while right censoring is 

inevitable in hazard analyses of this nature, the NLSY data provides an extended time period (up 

to ten years) within which individuals can be observed.   
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RESULTS 

Descriptive Statistics 

Table 1 provides descriptive statistics on all fixed characteristics for the full NLSY97 

sub-sample used in the study, as well as broken out by recidivists and non-recidivists.  The 

average age of individuals at the time of reentry is 21.1 years, with a range of 18 to 27.5.  The 

NLSY oversamples minority groups, resulting in 28 percent of the sub-sample being black, 60 

percent white, and 12 percent “other”.  Furthermore, 20 percent of the sample is Hispanic.  50 

percent of the Hispanics in the sample are white, 7 percent are black, and 43 percent fall in the 

“other” category.   

 The average number of completed years of education at the time of reentry is 11.1 years.  

Given that the average age in the sample is 21 years of age, this is a low average, but not 

unexpected given the sub-sample is focused on individuals that have made contact with the 

criminal justice system.  The average delinquency score does not appear particularly high (1.18 

instances), although the range in the sample is broad.  On average, the sample has about three 

prior arrests.  Again, the range is quite broad in the sample, with a standard deviation of over 

three arrests. 

 There are several areas where the averages for recidivists and non-recidivists are quite 

different.  For instance, 85 percent of the recidivating population is male, versus 75 percent for 

non-recidivists.  Interestingly, the proportion of blacks that did not recidivate is substantially 

higher (six percentage points) than in the recidivating population.  This stands in contrast to 

previous literature, which suggests the black population is overly represented in the criminal 

population relative to whites.  The “other” race category, on the other hand, is overly represented 

in the recidivating population relative to the full sample.   
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There appears to be a slight differential in the average education of the recidivating and 

non-recidivating groups.  On average, non-recidivists have an additional 0.7 years of education.  

Instances of prior arrests and delinquency are both substantially higher for recidivists.  On 

average, the recidivating population has committed 75 percent more delinquent acts and has 67 

percent more prior arrests.   

 There are clear differences between the recidivating and non-recidivating populations 

when looking at the context of their first conviction as an adult.  The proportion of recidivists 

that were incarcerated was 37 percent, versus only 27 percent of non-recidivists.  On the other 

hand, recidivists are less likely to have been put on probation or served community service.  

TABLE 1: DESCRIPTIVE STATISTICS 

FIXED COVARIATES 

 Full Sample Recidivists Non-Recidivists 

Variables Mean SD Mean SD Mean SD 

Reentry Age 21.1 2.47 20.4 2.06 21.5 2.58 

Male 0.78 0.41 0.84 0.37 0.75 0.43 

White 0.60 0.49 0.61 0.49 0.60 0.49 

Black 0.28 0.45 0.24 0.43 0.30 0.46 

Other 0.12 0.32 0.14 0.35 0.10 0.31 

Hispanic 0.20 0.40 0.20 0.40 0.19 0.40 

Education 11.1 1.74 10.7 1.60 11.4 1.77 

Delinquency 1.18 1.77 1.65 2.06 0.94 1.54 

Prior Arrests 3.24 3.31 4.41 3.81 2.64 2.84 

Incarcerated 0.30 0.46 0.37 0.48 0.27 0.45 

Probation 0.26 0.44 0.22 0.42 0.28 0.45 

Community Service 0.12 0.32 0.08 0.27 0.14 0.34 

Assault 0.09 0.28 0.09 0.28 0.09 0.28 

Robbery 0.03 0.18 0.03 0.18 0.04 0.18 

Burglary 0.05 0.21 0.06 0.24 0.04 0.19 

Theft 0.08 0.28 0.12 0.33 0.07 0.25 

Other Property  0.02 0.15 0.04 0.21 0.02 0.12 

Destruction Property 0.05 0.21 0.07 0.26 0.03 0.18 

Drug Possession 0.19 0.39 0.24 0.43 0.16 0.37 

Selling Drugs  0.05 0.21 0.05 0.21 0.05 0.21 

Traffic 0.28 0.45 0.29 0.45 0.27 0.45 

Public Order 0.17 0.38 0.19 0.39 0.16 0.37 

Other 0.22 0.41 0.20 0.40 0.23 0.42 

 N=732 N=251 N=482 
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Looking at the full sample, the majority of crimes committed are major traffic offenses, public 

order offenses, and drug possession.  Additionally, the crime type is unknown for 22 percent of 

the population, a weakness of the study.   

There are several crimes with a notable difference in their representation across the 

recidivating and non-recidivating populations.  12e percent of the recidivists were convicted of 

theft, versus 7 percent of the non-recidivating population; 7 percent of the recidivists were 

convicted for destruction of property, versus 3 percent of the non-recidivating population; and 24 

percent of the recidivists were convicted for drug possession, versus 16 percent of the non-

recidivating population.   

Table 2 provides descriptive statistics on characteristics that vary over time in the dataset.  

They are broken out into two categories – months in which individuals do not recidivate, and the 

months in which an individual did recidivate.  There are clear differences in the three key 

variables of interest – employment, employment hours, and income.  Nearly 70 percent of the 

sample is employed, and working an average of 28 hours per week during months that 

individuals are not recidivating, versus 57 percent and 23 hours during the months when 

individuals do recidivate.  The average annual income is low for all individuals in the sample – 

$9,930 per year for individuals when they are not recidivating and $5,600 per year for 

individuals when they do recidivate.    

Family responsibilities also appear to vary.  During times of survival, 10 percent of the 

population is married and 23 percent have children living in the household.  In contrast, during 

times of failure, only 5 percent of the population is married and 18 percent have children living 

in the household.  However, just having children, regardless of where they are located, does not 

seem to vary for individuals across months of survival versus failure.   
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 On average, people that recidivate are less likely to be enrolled in school (8 percent 

versus 14 percent).  Drug use also varies greatly across times when individuals recidivate versus 

not.  The average annual drug usage is 4 during months of survival, versus 20.5 during months of 

failure.  Lastly, location seems to differ as well across these two categories – individuals are 

more likely to live in central cities when they are not recidivating than when they do recidivate.    

 Although there are numerous trends that stand out when looking at differences in the 

characteristics of recidivists and non-recidivists, not all of these differences actually have a 

statistically significant differential effect on the likelihood of recidivism when other factors are 

controlled for.  Tests of the significance of the effects of these variables on the risk of 

recidivating are discussed in the following section.    

 

TABLE 2: DESCRIPTIVE STATISTICS 

TIME-VARYING COVARIATES 

 Months of Survival Month of Failure 

Variables Mean SD Max Mean SD Max 

Employed 0.68 0.47 1 0.57 0.50 1 

Employment Hours 27.4 24.2 168 23.1 23.2 100 

Income ($000) 9.93 14.1 112.2 5.66 9.30 50 

Married 0.10 0.29 1 0.05 0.21 1 

Children 0.37 0.48 1 0.37 0.48 1 

Children in Household 0.23 0.42 1 0.18 0.38 1 

School Enrollment 0.14 0.34 1 0.08 0.27 1 

Drug Use 4.02 29.4 500 20.5 76.5 500 

MSA – Central City 0.40 0.49 1 0.33 0.47 1 

MSA – Non Central City 0.47 0.50 1 0.48 0.50 1 

Non-MSA 0.13 0.34 1 0.19 0.39 1 
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Multivariate Analysis 

The results from the multivariate analysis of the data suggest that employment status, 

employment hours and income all influence the desistance process for individuals.  The effects 

of employment status and income remain statistically significant even when demographic 

characteristics, pre-reentry characteristics, the context of the crime, and other post-reentry 

characteristics are controlled for in the models.  This section presents the results from all of the 

models run in the study, highlighting employment effects, as well as the influence of other 

control variables of interest.   

Employment 

Table 3 provides the hazard model results when employment status is used as the primary 

independent variable of interest.  Model E-1 shows the relationship between being employed and 

recidivism when only controlling for demographic characteristics.  Holding age, gender, race and 

ethnicity constant, being employed lowers the likelihood that an individual will recidivate by 30 

percent, on average. This result is significant at the .05 level, with a robust standard error of 

0.104.   

Building on this initial finding, Model E-2 introduces pre-reentry characteristics as 

controls, to account for criminal tendencies established when the individuals were young that 

Hirschi and Gottfredson (1983) argue are stable through the life-course.  In this model, 

employment is only marginally significant, with a p-value of .105.  However, in Model E-3, 

which accounts for both pre-reentry characteristics and the context of the crime of interest, 

employment does have a statistically significant effect at the .10 level.  The hazard ratio for 

employment suggests that, holding demographic characteristics, pre-reentry characteristics, and 
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the context of the crime constant, being employed lowers the likelihood of recidivism by 22 

percent, on average.      

Model E-4 examines the effect of employment on recidivism with all of the control 

variables introduced, including other post-reentry characteristics that may influence both the 

decision to seek employment and to desist from crime.  By doing so, Model E-4 is best equipped 

to control for any spurious relationships between employment and other incentives to desist from 

crime.  The hazard ratio for employment is statistically significant at the .10 level, suggesting 

that being employed does positively influence the decision to desist from crime, in and of itself.  

Holding demographic characteristics, pre-reentry characteristics, the context of the crime, and 

other post-reentry characteristics constant, being employed lowers the likelihood of recidivating 

by 23 percent, on average.  The link-test for Model E-4 is included in Appendix 2, and suggests 

that the specification for this model is correct.   

These results strongly support the life-course theory of criminal behavior.  In particular, it 

demonstrates that changes in the number or strength of pro-social ties an individual has with 

their community can impact their desistance process.  Furthermore, this finding runs counter to 

Uggen’s (2000) conclusion that employment effects are isolated to older populations.  The 

findings here also suggest that for young adults that are still vulnerable to developmental 

processes, employment can serve as a pro-social anchor that encourages desistance from crime.  

Although more specific aspects of employment may impact recidivism differentially, as 

discussed in the following sections, these findings provide evidence that employment in and of 

itself has a deterring effect on crime.    
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TABLE 3:  THE EFFECT OF EMPLOYMENT ON RECIDIVISM 

Cox Proportional Hazard Model – Efron Method for Ties 

Dependent Variable – Hazard Ratio 

 (E-1) (E-2) (E-3) (E-4) 

Employment 0.699** 0.781 0.775* 0.766* 

 (.104) (.119) (.117) (.120) 

Demographic Characteristics 

Age 1.267*** 1.283*** 1.274*** 1.248*** 

 (.051) (.055) (.057) (.055) 

Male 1.498** 1.273 1.215 1.161 

 (.279) (.239) (.223) (.226) 

Black 0.616*** 0.513*** 0.570*** 0.565*** 

 (.113) (.105) (.116) (.122) 

Other 1.539 1.494 1.660* 1.706** 

 (.414) (.422) (.467) (.465) 

Hispanic 0.784 0.685 0.658 0.656* 

 (.184) (.172) (.170) (.168) 

Pre-Reentry Characteristics 

Education --- 0.936 0.968 0.988 

  (.046) (.049) (.050) 

Delinquency  --- 1.145*** 1.164*** 1.148*** 

  (.049) (.048) (.047) 

Prior Arrests --- 1.062*** 1.056*** 1.053** 

  (.022) (.022) (.022) 

Context of Crime 
    

Incarcerated --- --- 1.132 1.176 

   (.206) (.213) 

Probation --- --- 0.686* 0.769 

   (.138) (.158) 

Community Service --- --- 0.656 0.697 

   (.188) (.194) 

Type of Crime --- ---   

Post-Reentry Characteristics   

Enrollment --- --- --- 0.536** 

    (.146) 

Married --- --- --- 0.468**  

    (.165) 

Children --- --- --- 1.350   

    (.293) 

Children in Residence --- --- --- 0.771 

    (.196) 

Drug Use --- --- --- 1.003*** 

    (.001) 

MSA Central City --- --- --- 0.766 

    (.176) 

MSA non-Central City --- --- --- 0.875 

    (.175) 

     

No. of Subjects 719 719 719 719 

No. of Failures 225 225 225 225 

Wald Chi
2 
test 52.70 82.63 120.71 162.39 

Notes: 

Significance levels indicated as follows: .01 level: ***; .05 level: **; .10 level: * 

Hazard ratios reported; robust standard errors reported in parentheses 

The hazard ratios for type of crime variables in models E-3 and E-4 are reported in Table 6 
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Employment Hours  

Table 4 presents the results when the number of hours worked per week is used as the 

primary independent variable of interest.  This model captures whether the number of hours 

worked when the respondent is employed has a significant impact on recidivism, supporting the 

theory that spending more time in an employment setting reduces available time for criminal 

activity.  Model EH-1 provides preliminary results, only controlling for demographic 

characteristics.  The hazard ratio on employment hours is 0.994 and statistically significant at the 

.10 level, suggesting that when controlling for demographic characteristics, each additional 10 

hours worked per week lowers the likelihood of recidivism by 6 percent.   

When additional controls are introduced in models EH-2, EH-3, and EH-4, however, the 

effect of employment hours is no longer statistically significant at conventional levels.  The link-

test for Model EH-4 is included in Appendix 2, and suggests that the specification for this model 

is correct.  The hazard coefficient on employment hours in Model EH-4, which has all of the 

controls included, is marginally significant (p-value of .109).  While inconclusive, this suggests 

that employment hours may have a negative effect on the likelihood of recidivating.  When 

controlling for demographic characteristics, pre-reentry characteristics, the context of the crime, 

and other post-reentry characteristics, each additional ten hours worked per week may lower the 

likelihood of recidivism by 5 percent, on average.  Although a p-value of .109 is higher than 

conventional levels, it still provides evidence that it is more likely than not that employment 

hours impact the decision to desist from crime.  This may be a product of employment hours 

working as a proxy for job stability, or simply be a result of individuals having less hours in the 

day available for committing crimes    
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TABLE 4:  THE EFFECT OF WEEKLY EMPLOYMENT HOURS ON RECIDIVISM 

Cox Proportional Hazard Model – Efron Method for Ties 

Dependent Variable – Hazard Ratio 

 (EH-1) (EH-2) (EH-3) (EH-4) 

Employment Hours 0.994* 0.996 0.996 0.995 

 (.003) (.003) (.003) (.003) 

Demographic Characteristics 

Age 1.275***  1.290*** 1.276*** 1.249*** 

 (.052) (.056) (.058) (.056) 

Male 1.592** 1.335 1.272 1.240 

 (.305) (.258) (.242) (.248) 

Black 0.626*** 0.511*** 0.574*** 0.560*** 

 (.114) (.105) (.116) (.121) 

Other 1.543 1.515 1.701* 1.743** 

 (.419) (.430) (.479) (.475) 

Hispanic 0.797 0.687 0.657 0.653* 

 (.189) (.175) (.171) (.167) 

Pre-Reentry Characteristics 

Education --- 0.931 0.965 0.986 

  (.046) (.050) (.050) 

Delinquency  --- 1.149*** 1.171*** 1.155*** 

  (.050) (.049) (.048) 

Prior Arrests --- 1.066*** 1.061*** 1.058*** 

  (.022) (.023) (.022) 

Context of Crime 
    

Incarcerated --- --- 1.194 1.244 

   (.218) (.226)   

Probation --- --- 0.714* 0.805 

   (.144) (.167) 

Community Service --- --- 0.675 0.722 

   (.193) (.201) 

Type of Crime --- ---   

Post-Reentry Characteristics   

Enrollment --- --- --- 0.547** 

    (.150) 

Married --- --- --- 0.464** 

    (.166) 

Children --- --- --- 1.366 

    (.298) 

Children in Residence --- --- --- 0.793 

    (.200) 

Drug Use --- --- --- 1.003*** 

    (.001) 

MSA Central City --- --- --- 0.762 

    (.175) 

MSA non-Central City --- --- --- 0.845 

    (.170) 

     

No. of Subjects 717 717 717 717 

No. of Failures 222 222 222 222 

Wald Chi
2 
test 50.81 83.51 120.61 165.86 

Notes: 

Significance levels indicated as follows: .01 level: ***; .05 level: **; .10 level: * 

Hazard ratios reported; robust standard errors reported in parentheses 

The hazard ratios for type of crime variables in models EH-3 and EH-4 are reported in Table 6 
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Income 

 Table 5 presents the results for models I-1 through I-4, which are run with income as the 

employment-related variable of interest.  There is very strong evidence that income impacts the 

desistance process.  The hazard ratio on income is highly statistically significant (p-value less 

than .01) for all of the models regardless of the controls included.  Model I-1, which only 

controls for demographic characteristics, suggests that each additional $1,000 in annual income 

an individual is earning is associated with a 3 percent decrease in the likelihood of recidivism.  

The same conclusion is drawn from models I-2, I-3 and I-4, suggesting that the effect of income 

is stable when additional control variables of interest are introduced.  The link-test for Model I-4 

is included in Appendix 2, and suggests that the specification for this model is correct.   

It is difficult to know exactly why this measure of income has an influence on the 

desistance process.  It is possible that this is evidence in support of rational choice theory – the 

availability of legal financial resources reduces the dependence of individual’s on illegal sources 

of income.  If so, these findings support the conclusions drawn by Becker (1968), Myers (1983) 

and Pezzin (1995) that income matters.  However, on average, the sub-sample in this study has 

very low levels of annual income.  The average income level during months of survival is 

$9,930, and $5,660 during months when individuals recidivate.  While this is a big difference, 

neither group actually makes enough money to live on, which undermines the rational choice 

explanation.  Rather, given the way the income variable was built, it is possible that this measure 

of income is actually serving as a proxy for the quality of the jobs individuals are working.  This 

interpretation would support Wadsworth’s (2006) conclusion that job quality matters more than 

actual income.   
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TABLE 5:  THE EFFECT OF INCOME ON RECIDIVISM 

Cox Proportional Hazard Model – Efron Method for Ties 

Dependent Variable – Hazard Ratio 

 (I-1) (I-2) (I-3) (I-4) 

Income 0.969*** 0.973*** 0.972*** 0.970*** 

 (.007)   (.007) (.007) (.007) 

Demographic Characteristics 

Age 1.276*** 1.281*** 1.260*** 1.230*** 

 (.054) (.056) (.058) (.056) 

Male 1.595** 1.358 1.268 1.242 

 (.302) (.260) (.237) (.241) 

Black 0.567*** 0.466*** 0.542*** 0.521*** 

 (.103) (.096) (.111) (.114) 

Other 1.210 1.181 1.462 1.462 

 (.351) (.357) (.446) (.436) 

Hispanic 0.826 0.730 0.667 0.654 

 (.204) (.192) (.181) (.177) 

Pre-Reentry Characteristics 

Education --- 0.956 0.988 1.019 

  (.047) (.051) (.053) 

Delinquency  --- 1.131*** 1.153*** 1.137*** 

  (.051) (.049) (.048) 

Prior Arrests --- 1.068*** 1.068*** 1.065*** 

  (.023) (.024) (.023) 

Context of Crime 
    

Incarcerated --- --- 1.176 1.211 

   (.215) (.221)  

Probation --- --- 0.721 0.805 

   (.149)   (.170) 

Community Service --- --- 0.568* 0.616 

   (.177) (.189) 

Type of Crime --- ---   

Post-Reentry Characteristics   

Enrollment --- --- --- 0.493*** 

    (.137) 

Married --- --- --- 0.542* 

    (.195) 

Children --- --- --- 1.345 

    (.302) 

Children in Residence --- --- --- 0.847   

    (.214) 

Drug Use --- --- --- 1.003*** 

    (.001) 

MSA Central City --- --- --- 0.770 

    (.177) 

MSA non-Central City --- --- --- 0.805 

    (.164) 

     

No. of Subjects 712 712 712 712 

No. of Failures 205 205 205 205 

Wald Chi
2 
test 61.63 89.74 139.80 174.07 

Notes: 

Significance levels indicated as follows: .01 level: ***; .05 level: **; .10 level: * 

Hazard ratios reported; robust standard errors reported in parentheses 

The hazard ratios for type of crime variables in models I-3 and I-4 are reported in Table 6 
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Demographic Characteristics 

 There were several significant relationships between the demographic variables in the 

model and recidivism.  First, reentry age was positively associated with the likelihood of 

recidivism – the older individuals were when they were convicted for their first crime as an 

adult, the more likely they were to recidivate.  In model E-4, each additional year older was 

associated with a 25 percent higher likelihood of recidivating, on average, when all other 

controls were included.  This finding was robust across the specifications for models EH-4 and  

I-4 as well.  This finding may be the product of the availability of support options – 18-year-old 

individuals may be able to move back home while 24 year olds may be forced to support 

themselves upon reentry.   

 The influence of race on recidivism in the models is particularly interesting.  In the fully 

specified models for employment, employment hours, and income, being black has a highly 

statistically significant negative relationship with recidivism, relative to the white comparison 

group.  In model E-4, the hazard ratio on black is 0.565, suggesting that blacks are 43 percent 

less likely to recidivate than whites in the sample, on average.  This finding holds in regressions 

run with non-Hispanic blacks compared to non-Hispanic whites as well.  Previous literature 

regarding racial differences in the reentry process have found that on average, blacks have a 

more difficult time with reentry, and are therefore more likely to recidivate (Reisig et al., 2007; 

Wang et al., 2010; Reed and Lin, 1997; Huebner et al., 2007; Holzer et al., 2004).  Many prior 

studies use ex-prisoner populations that are composed largely of minority race groups.  It is 

possible that the different results are a product of the particular sample in this study, which is 

composed primarily of individuals that were convicted for less serious offenses that did not result 
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in incarceration.  It is possible that the race effect is different across low level and more serious 

offenders.   

Pre-Reentry Characteristics 

 There are three pre-reentry characteristics controlled for in the models – education level, 

delinquency, and prior arrests.  Interestingly, education does not appear to influence recidivism 

in any of the models.  This may be a result of the sub-sample being rather homogenous in terms 

of educational attainment due to the smaller range of ages used in the study.  It is also possible 

that some of the more common crimes committed, such as major traffic offenses, may be less 

correlated with education levels than more serious and violent crimes.  Prior studies that focus on 

ex-prisoner populations are using samples more highly composed of serious offenders than is the 

case with this study.   

 Delinquency and prior arrests both have highly statistically significant positive 

relationships with the likelihood of recidivating.  Models E-4, EH-4 and I-4 all support the 

theory that underlying criminal tendencies developed as a juvenile are stable to a certain degree 

throughout the life course.  Model E-4 suggest that, on average, committing an additional act of 

delinquency as a juvenile is associated with a 15 percent higher likelihood of recidivating, while 

each additional prior arrest is associated with a 5 percent higher likelihood of recidivating.  

These effects are robust across the specifications for Models EH-4 and I-4.  

Context of Crime 

None of the three sentencing variables, incarceration, probation and community service, 

have a statistically significant impact on recidivism in the fully controlled models.  This is an 

interesting result given the descriptive statistics, which show a notable difference in the rates of 
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sentencing across the recidivists and non-recidivists.  The results suggest sentencing effects may 

be spuriously related to other individual characteristics and the types of crime committed.  It is 

also possible that using a dummy variable for incarceration, rather than length of time, does not 

adequately account for the influence of being incarcerated on the reentry process.  

There is some evidence in the models E-3 and EH-3 that probation has a significant 

negative relationship with recidivism.  In model E-3, the hazard ratio on probation suggests that, 

on average, people that are placed on probation are 31 percent less likely to recidivate than 

individuals that are not placed on probation.  However, these effects are no longer significant 

when post-reentry controls are introduced into the model.  There is also evidence in model I-3 

that community service has a positive influence on the desistance process – on average, 

individuals that serve community service are 43 percent less likely to recidivate.  However, this 

result is also not statistically significant when post-reentry controls are included in the model.   

Table 6 provides the hazard ratios on the type of crime variables included in models E-3, 

E-4, EH-3, EH-4, I-3, and I-4.  The results are similar across all six model specifications, which 

compare each type of crime to the base category of assault.  There are six types of crime that 

appear to have a statistically significantly differential effect on recidivism – robbery, theft, 

destruction of property, drug possession, major traffic offenses, and public order offenses.  

Looking across these hazard ratios, only robbery is negatively related to recidivism, relative to 

assault.  The other five categories are all positively related to recidivism, in relation to assault. 
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Post-Reentry Characteristics 

 Three post-reentry characteristics in the model, aside from the employment variables of 

interest, appear to have a statistically significant impact on recidivism – enrollment in school, 

marriage, and drug use.  These findings are consistent with the literature.  Enrollment in school is 

of particular interest for this subset of the population, as these are young adults who are college-

aged.  The decision to return to school after a disruptive experience with the criminal justice 

system is a sign of maturation and desistance.  Averaging the results from Models E-3, EH-4 and 

I-4, it appears that when controlling for demographic characteristics, pre-reentry characteristics, 

the context of the crime, and other post-reentry characteristics, enrolling in school lowers the 

likelihood of recidivism by 47 percent.   

 Marriage also has a significant, positive influence on the desistance process on all of the 

fully-controlled models.  This is consistent with Laub, Nagin and Sampson’s (1998) findings, 

and supports the theory that stable relationships can aid in the desistance process by providing 

TABLE 6:  TYPE OF CRIME HAZARD RATIOS 

 Employment Employment Hours Income 

Crime Type (E-3) (E-4) (EH-3) (EH-4) (I-3) (I-4) 

Robbery 0.385* 0.360* 0.371* 0.351** 0.368* 0.328* 

 (.197) (.192) (.191) (.188) (.211) (.200) 

Burglary 1.066 1.064 1.049 1.045 0.893 0.893 

 (.353) (.349) (.348) (.344) (.329) (.335) 

Theft 1.708** 1.728** 1.678* 1.691** 1.729** 1.681* 

 (.475) (.471) (.466) (.460) (.491) (.470) 

Destruction of Property 1.970** 1.700* 1.944** 1.676* 1.962** 1.678* 

 (.566) (.502) (.559) (.495) (.565) (.507) 

Other Property 1.813 1.736 1.849 1.763 1.982* 1.919* 

 (.702) (.670) (.698) (.664) (.729) (.711) 

Drug Possession 1.847*** 1.681** 1.761*** 1.595** 1.606** 1.447 

 (.409) (.362) (.398) (.349) (.374) (.332) 

Selling Drugs 0.824 0.944 0.825 0.942 0.829 0.913 

 (.273) (.300) (.273) (.300) (.284) (.312) 

Traffic 1.748*** 1.808*** 1.752*** 1.819*** 2.223*** 2.305*** 

 (.360) (.366) (.361) (.366) (.452) (.465) 

Public Disorder 1.528** 1.582** 1.479* 1.523** 1.609** 1.657** 

 (.335) (.338) (.329) (.329) (.355) (.362) 

Other 1.476 1.425 1.340 1.345 1.534* 1.450 

 (.371) (.350) (.352) (.330) (.389) (.364) 
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individuals with a stake in pro-social norms.  The average hazard ratio for marriage across 

Models E-4, EH-4 and I-4 is 0.491, suggesting that, on average, being married lowers the 

likelihood of recidivism by 51 percent, holding the other variables in the models constant.   

 Lastly, drug use has a highly statistically significant positive relationship with the 

likelihood of recidivism.  Specifically, the average hazard ratios on drug use suggest that, on 

average, each additional time an individual uses a hard drug (measured annually), the likelihood 

of recidivating increases 0.3 percent.  For an addict, this can quickly add up to a major impact on 

the desistance process.  For instance, increasing weekly usage from just once to twice would 

translate into a 16 percent increase in the likelihood of recidivating.  This finding  is consistent 

with prior literature that links substance abuse with reoffending (e.g., White and Gorman, 2000).  

As Vischer and Travis (2001) point out, many individuals are often under the influence of drugs 

and alcohol when they commit criminal offenses.  Furthermore, drug use can be detrimintal to 

the reentry process by negatively impacting other social processes (such as gainful employment 

and establishing positive social networks) that are positive influences in the desistance process.   

 Also of interest are the post-reentry characteristics that did not have a significant impact 

on recidivism.  In particular, neither of the children variables are statistically significant, which 

runs counter to the argument that family responsibility encourages desistance from crime.  This 

finding was robust when only children in the household was included in the model.  It is possible 

that marriage is a stronger measure of familial responsibility and so its inclusion in the model 

washes out any potential influence of having children.   

Alternative Specifications 

 One potential issue with specifying hazard models is that the effects of variables may not 

be constant over time, a key assumption with proportional hazards.  As such, these variables 
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should be interacted with the measure of time used in the data to correct this specification.   A 

test of the proportional-hazard assumption was conducted for each of the original, fully specified 

models (E-4, EH-4, and I-4).  Only two variables appeared to be problematic – children and the 

drug possession crime type.  The hazard ratios on employment, employment hours, and income 

were all robust when the fully specified models were rerun with these variables included as time 

varying covariates.  See Appendix 3 for more details.   
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POLICY IMPLICATIONS 

The findings from this study provide strong evidence that employment is a positive 

influence on the desistance process for young adults.  These results are robust even when 

controlling for individual characteristics that may be spuriously related to both employment and 

recidivism, suggesting that the positive results are not just a product of self-selection into 

employment by individuals that want to desist from crime.  As such, these findings support the 

need for policies that lower barriers to employment for individuals with criminal records.  

The majority of the individuals in this study were not incarcerated, but employment 

effects were still relevant.  This means that reentry policies cannot be solely focused on 

vocational training and educational opportunities for prisoners.  There are policies that can be 

implemented to support employment for ex-convicts that are not incarcerated.  These include 

programs that encourage ex-offenders to complete their high school diploma or enroll in college 

if their education was disrupted because of their contact with the criminal justice system.  An 

important first step would be eliminating the ban on federal post-secondary education assistance 

for individuals that commit felony offenses.   

Public policies should also include stricter regulations against employers and educational 

institutions discriminating against individuals with criminal records.  Policies to reduce employer 

discrimination may include better privacy laws regarding criminal records for non-violent 

offenders and lowering the ease with which employers can be sued for “negligent hiring” if an 

ex-offender employee commits another crime on the job.  Employers can also be incentivized to 

hire ex-convicts – for instance, the Federal Work Opportunity Tax Credit reduces employers' 

federal income tax liability for each ex-offender hired (Holzer et al., 2004).   
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Intermediary agencies that link ex-convicts with employment opportunities are also an 

important tool for breaking down the barriers to employment.  For example, the Safer 

Foundation in Chicago helps ex-convicts develop job skills, make contacts with employers and 

learn workplace routines and customs so as to increase their competitiveness in the labor market.  

Survey research has shown that employers are more open to hiring individuals that are supported 

by these intermediary services (Holzer at al., 2004).  Public funding for such organizations could 

be a powerful tool in increasing employment access for ex-convicts.     

Reentry programming in prisons is also an important tool for increasing access to 

employment for ex-convicts.   Federal Prison Industries, which provides vocational training and 

employment opportunities for prisoners while they are incarcerated, has been shown to 

effectively lower recidivism and increase the likelihood that ex-prisoners will be gainfully 

employed after their release.
9
  However, as the prison population has continued to grow, the 

proportion of the prison population benefitting from these programs has been declining.  

Additional resources and programming in both federal and state prisons are necessary to improve 

employment outcomes for ex-prisoners.   

Looking strictly at the average costs of reentry programs and benefits in saved prison 

expenditures from reduced recidivism, a reentry investment will break even, on average, if it 

lowers recidivism by only two percentage points (Solomon et al., 2008).  The results in this study 

suggest that employment lowers the likelihood of recidivism 22 percent, on average.  As such, 

programming that successfully improves employment outcomes would be cost effective.   

                                                           
9
 This research, and additional information on the Federal Prison Industries, can be found at 

http://www.unicor.gov/about/faqs/faqsoperations.cfm 
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CONCLUSIONS 

Given the importance of employment in aiding the desistance process, policies should be 

implemented that eliminate structural barriers to employment for ex-offenders.  Furthermore, 

education and vocational training programs should be made available to incarcerated offenders to 

aid in their transition back into society.  Such programming has been shown to be a cost effective 

way at lowering recidivism rates.  The end goal for the criminal justice system should be 

rehabilitation and successful reentry for criminals.  Promoting employment for ex-offenders 

should be a policy priority, given its pivotal role in the reentry process.    



 45 

APPENDIX 1 – VARIABLE DEFINITIONS 

Variable Type* Description 

Dependent Measures   

Reconvicted  TVC Dichotomous variable with 1=individual was reconvicted for any crime and 

0=no reconvictions, measured monthly 

Demographics   

Age at Reentry FC Age in years at time of reentry 

Gender FC Dichotomous variable with 1=male and 0=female 

Race FC Mutually exclusive set of dichotomous variables, including white, black and 

other 

Hispanic FC Dichotomous variable with 1=Hispanic and 0=Not Hispanic 

Pre-Reentry Characteristics   

Education FC Number of years of schooling completed at time of reentry 

Delinquency Index FC 0-10 index based on self-reported acts of delinquency, with higher numbers 

indicating more incidents of delinquency 

Total prior arrests FC Total number of prior arrests (including first crime as an adult) 

Context of Crime    

Type of Crime FC Mutually exclusive set of dichotomous variables, including assault, robbery, 

burglary, theft, destruction of property, other property, drug possession, 

selling drugs, major traffic offense, public order offense, and other  

Incarcerated  FC Dichotomous variable with 1=incarcerated, 0=not incarcerated 

Probation  FC Dichotomous variable with 1=required to serve probation, 0=no probation 

Community Service FC Dichotomous variable with 1=required to complete community service, 

0=no community service 

Post-Reentry Characteristics   

Employment Status TVC Dichotomous variable with 1=employed, 0=not employed, measured 

monthly 

Employment Hours TVC Number of hours worked per week, measured monthly 

Income TVC Annual income, attributed to months worked in year for which income was 

reported 

Enrollment TVC Enrollment in school, measured monthly 

Geographic Location TVC Mutually exclusive set of dichotomous variables, including MSA central 

city, MSA non-central city, and non-MSA, measured annually and attributed 

to months in year   

Marital Status TVC Dichotomous variable with 1=married, 0=not married, measured monthly 

Number of Children TVC Dichotomous variable indicating is individual has biological children, 

measured monthly 

Children in residence TVC Dichotomous variable indicating is individual has biological children living 

in their household, measured monthly 

Hard Drug Use TVC Number of times hard drugs (i.e., not marijuana) was used in past year, 

measured annually and attributed to months in year   

*Types are fixed covariates (FC) or time-varying covariates (TVC) that are measured at monthly intervals 

 



 46 

APPENDIX 2 – LINK TEST RESULTS 

 

 

LINK TEST RESULTS FOR MODELS E-4, EH-4 AND I-4* 

 Coefficient Std. Error Z P>|z| 

MODEL E-4     

_hat 1.184 0.597 1.98 0.047 

_hat-squared -0.174 0.056 -0.31 0.756 

MODEL EH-4     

_hat 1.239 0.588 2.11 0.035 

_hat-squared -0.220 0.054 -0.41 0.682 

MODEL I-4     

_hat 0.767 0.542 1.42 0.157 

_hat-squared 0.022 0.051 0.43 0.665 

*A statistically significant coefficient on the residuals (_hat) and an insignificant 

coefficient on the non-linear specification of the residuals (_hat-squared) suggest the 

specification is correct.  
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APPENDIX 3 – ALTERNATIVE SPECIFICATIONS 

 
The following table presents the tests of the proportional-hazards assumption for models E-4, 

EH-4, and I-4.  As shown, only Children and Crime – Drug Possession have a significant 

relationship with time.   

 

TEST OF PROPORTIONAL-HAZARDS ASSUMPTION 

 (E-4 Test) (EH-4 Test) (I-4 Test) 

Employed 0.094 --- --- 

Employment Hours --- 0.068 --- 

Income --- --- 0.523 

Age 0.647 0.694 0.578 

Male 0.740 0.590 0.837 

Black 0.200 0.177 0.297 

Other 0.459 0.451 0.749 

Hispanic 0.936 0.975 0.822 

Education 0.443 0.398 0.871 

Delinquency  0.108 0.138 0.245 

Prior Arrests 0.265 0.299 0.384 

Incarcerated 0.723 0.784 0.553 

Probation 0.925 0.840 0.843 

Community Service 0.140 0.159 0.190 

Crime - Robbery 0.789 0.771 0.573 

Crime - Burglary 0.077 0.087 0.094 

Crime – Theft 0.177 0.200 0.145 

Crime – Destruction of Property 0.074 0.083 0.058 

Crime – Other Property 0.440 0.462 0.418 

Crime – Drug Possession 0.070 0.091 0.035** 

Crime – Selling Drugs 0.398 0.428 0.322 

Crime – Traffic 0.530 0.522 0.573 

Crime – Public Disorder 0.355 0.286 0.114 

Crime – Other 0.543 0.601 0.402 

Enrollment 0.085 0.099 0.120 

Married 0.224 0.230 0.278 

Children 0.052** 0.047** 0.053** 

Children in Residence 0.563 0.645 0.336 

Drug Use 0.279 0.281 0.655 

MSA Central City 0.454 0.417 0.397 

MSA non-Central City 0.198 0.166 0.185 

Global Test 0.004*** 0.002*** 0.059* 
Cell entries are p-values from test of the null hypothesis that the residuals are correlated with time, not 

the actual correlations between residuals and time.  A p-value less than or equal to .05 indicates violation 

of the proportional hazards assumption.  

 

 
These results suggest that the most appropriate specification would include the children and 

crime – drug possession variables as time-varying covariates (i.e., interacted with the measure of 

time in the data, in this case, months).  The results in the following table show that the findings 

in Models E-4, EH-4, and I-4 are still robust when the Children and Drug Possession variables 

are interacted with time.   
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Accounting for Time-Varying Effects 

Cox Proportional Hazard Model – Efron Method for Ties 

Dependent Variable – Hazard Ratio 

 (E-5) (EH-5) (I-5) 

Employment  0.770* --- --- 

 (.121)   

Employment Hours --- 0.995 --- 

  (.003)  

Income --- --- 0.971*** 

   (.007) 

    

No. of Subjects 717 717 712 

No. of Failures 222 222 205 

Wald Chi
2 
test 165.05 163.72 176.84 

Notes: 

Only the employment variables are shown, but all controls were included.   

Significance levels indicated as follows: .01 level: ***; .05 level: **; .10 level: * 

Hazard ratios reported; robust standard errors reported in parentheses 

The hazard ratios for type of crime variables in models EH-3 and EH-4 are reported in table X 

The variable Children in models E-5, EH-5, and I-5 and Drug Possession in Model I-5 are 

interacted with time. 
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