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ABSTRACT 

 

Each year, approximately one-third of all people admitted to prison in the United States 

are committed as the result of a revocation of community-based supervision such as probation, 

parole, or federal supervised release (Carson & Anderson, 2016).  Many of these individuals are 

being incarcerated for technical violations of their supervision - conduct other than the 

commission of a new crime which is in violation of a condition of supervision.  The practice of 

committing offenders to prison for technical violations of supervision is rather common at the 

state level.  In a 2013 study, for example, Ostermann found that although paroled inmates in 

New Jersey were less likely than inmates who served their entire prison terms without parole to 

engage in new criminal conduct following their release, the paroled inmates were just as likely to 

be returned to prison within three years due to having been charged with technical violations of 

their supervision.  This practice also occurs in the federal criminal justice system, where 70% of 

the offenders under community-based supervision who are returned to prison each year are 

recommitted on the strength of technical violations of supervision alone (Administrative Office 

of the United States Courts, 2017a). 

 A substantial amount of prior work (for example, Apel et al., 2010; Clear, 2007; Petit, 

Sykes & Western, 2009; Rose & Clear, 1998) has revealed the potentially harmful consequences 

of imprisonment.  Despite this, little research has examined how incarcerating persons for 

technical violations of supervision compares to widely-available alternative, intermediate 

sanctions such as home confinement and reentry center placement in terms of ability to prevent 

the commission of new crimes or continued technical non-compliance.  
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 The present study examined these questions, utilizing a sample of offenders in the federal 

criminal justice system.  Propensity score matching was used to construct comparable treatment 

and control groups, thereby reducing concerns of selection bias.  Post-matching analyses suggest 

the following: 1) the effect of incarcerating offenders for technical violations of supervision is 

negligible compared to subjecting them to intermediate sanctions with regard to preventing the 

commission of new crimes; 2) offenders incarcerated for technical violations of supervision are 

more likely to commit new crimes post-sanction – and sooner – than offenders subjected to 

intermediate sanctions; 3) offenders imprisoned for technical violations are more likely to engage 

in subsequent technical violations – and sooner – than offenders subjected to intermediate 

sanctions; and 4) the greater the intensity of the intermediate sanction (i.e., residential reentry 

center placement vs. home confinement), the more likely an offender will be charged with a 

technical violation during service of the sanction.  Although the study is subject to concerns 

about potential sensitivity to unobserved confounders and other limitations, it makes an 

important contribution to our understanding of a topic which has rarely before been examined.  

When one considers the financial, public safety, and ethical consequences of incarcerating 

people for non-criminal conduct, the research has implications for persons under supervision, 

probation and parole organizations, and the general public alike. 

  



iv 
 

ACKNOWLEDGEMENTS 

 

  I consider myself extremely fortunate to have had the support of many people throughout 

my academic and professional career.  First and foremost, I must give thanks to the chair of my 

dissertation committee, Dr. Kathleen Auerhahn.  Throughout my time at Temple University, Dr. 

Auerhahn has given me not only many of the technical skills I needed to produce this work, but 

she has been instrumental in sharpening my abilities to think critically, write, and teach.  

Moreover, she has been the primary source of unwavering support throughout my long journey 

toward a doctoral degree, on many occasions displaying more confidence in me than I had in 

myself.  In short, I consider myself to be a more well-rounded thinker, scholar, and educator for 

having known her, and I am truly grateful for all she has tirelessly and unselfishly given me.  I 

look forward to hopefully collaborating with her and enjoying her friendship for years to come.   

 I must also thank Dr. Steven Belenko and Dr. Wayne Welsh.  Although I approached 

them (somewhat sheepishly) very late in my academic career with the request that they serve on 

my dissertation committee, Drs. Belenko and Welsh graciously agreed to do so.  They have each 

influenced this work in their own unique ways, and I am truly in their debt.  I am also thankful 

for the efforts of external reader Bill Burrell.  I had the pleasure of making Bill’s acquaintance 

when I was first hired as a probation officer in New Jersey over 20 years ago, and since that time 

he has contributed to my professional growth in a number of ways.  Additionally, I owe much to 

Dr. Judith G. Chapman of St. Joseph’s University who, when I was an undergrad, instilled in me 

a strong work ethic and love of learning, and whom I have always considered to be a mentor.  

  

  



v 
 

 Notably, I must thank many members of the U.S. Probation Office in the District of New 

Jersey.  Wilfredo Torres was the first person to interview me when I applied for the position of 

U.S. Probation Officer in 2001.  Since that time, as Willie’s own career has progressed and 

culminated in his appointment as Chief, he has along the way consistently fostered my 

professional and intellectual growth by providing me with many opportunities to learn and 

practice my research skills.  I am only happy that I was able to complete this project before he 

embarks on a long and enjoyable retirement.  Additionally, I have been blessed with many 

wonderful and talented superiors throughout my career with U.S. Probation.  These include (but 

are certainly not limited to) Joe Napurano, Richard Gallo, Matthew Miller, Susan Smalley, 

Thomas Miller, Beth Neugass, Maureen Kelly, and Sharon O’Brien.  They may not realize it, but 

each of them has contributed to my personal and professional development in important ways. 

 I also thank Chief Probation Officers Christopher Maloney (District of Massachusetts), 

Drew Thompson (Middle District of Pennsylvania), and Dr. Melissa Alexander (Middle District 

of North Carolina) for allowing me access to their district’s respective databases.  Their 

willingness to do so has allowed me to make this modest contribution to the existing research on 

community-based corrections, and I am truly thankful for their generosity. 

 Finally, I give my love and thanks to my mother, Terri DaGrossa; my brother, Michael; 

and my wife, Laura; for their love and unconditional support.  To my father and grandparents: I 

love you and miss you.  Most of all, to my sons Alexander and Nicholas: you guys mean the 

world to me.  I am thankful every day for having you as my companions throughout the journey 

we have thus far shared and look forward to everything that remains ahead of us.       

 

      



vi 
 

TABLE OF CONTENTS 

 

ABSTRACT…………………………..………………………………………………………………... ii 

ACKNOWLEDGEMENTS…………………………………………………………………………… iv 

LIST OF TABLES………………………………………..……………………………………………. viii 

LIST OF FIGURES…………………………………………………………………………………… xi 

 

CHAPTER ONE: STATEMENT OF THE PROBLEM……………..……………………………... 

 

1 

 

CHAPTER TWO: LITERATURE REVIEW 

 

 

Community-Based Supervision: History and Philosophy…………………………..………..…………. 10 

Supervision in The Contemporary Federal System……………………………………..………………. 15 

Punishment: Theoretical Bases and Research………………………………………..………................. 23 

  Retribution……………………………………………………………………………………………... 23 

  Incapacitation………………………………………………………………………………………….. 23 

  Deterrence……………………………………………………………………………………………… 25 

  Rehabilitation…………………………………………………………………………………………...  27 

Research Questions and Hypotheses………………………………..…………………………………... 30 

  Research Question 1…………………………………………………………………………………… 31 

  Research Question 1a………………………………………………………………………………….. 32 

  Research Question 2…………………………………………………………………………………… 32 

  Research Question 2a………………………………………………………………………………….. 33 

  Research Question 3…………………………………………………………………………………… 33 

 

CHAPTER THREE: METHODOLOGY 

 

 

Overview of Data Collection……………………….………………………………..………………….. 35 

  Outcome variables……………………………………………………………………………………... 37 

  Descriptive statistics…………………………………………………………………………………… 38 

Propensity Score Matching to Create Comparison Groups….………………………………………….. 40 

  Data preparation……………………………………………………………………………………….. 44 

  Propensity score estimation……………………………………………………………………………. 58 

  Propensity score method implementation……………………………………………………………… 59 

  Covariate balance evaluation…………………………………………………………………………... 60 

  Treatment effect estimation……………………………………………………………………………. 62 

  Sensitivity analysis…………………………………………………………………………………….. 65 

 

CHAPTER FOUR: RESULTS 

 

Research Question 1…………………………………………………………………………………….. 69 

  Descriptive statistics…………………………………………………………………………………… 69 

  Propensity score matching……………………………………………………………………………... 73 

  Key findings……………………………………………………………………………………………. 86 

Research Question 1a…………………………………………………………………………………… 93 

  Descriptive statistics…………………………………………………………………………………… 93 

  Key findings……………………………………………………………………………………………. 94 

Research Question 2………………………………………………………………………………….…. 102 

  Descriptive statistics…………………………………………………………………………………… 102 

  Key findings……………………………………………………………………………………………. 104 

  



vii 
 

 

Research Question 2a………………………………………………………………………………….. 107 

  Descriptive statistics…………………………………………………………………………………… 107 

  Key findings……………………………………………………………………………………………. 107 

Research Question 3…………………………………………………………………………………….. 112 

  Descriptive statistics…………………………………………………………………………………… 112 

  Propensity score matching……………………………………………………………………………... 114 

  Key findings……………………………………………………………………………………………. 126 

   

CHAPTER FIVE: DISCUSSION AND CONCLUSION 

 

 

Discussion of Research Findings………………………………………………………………………... 129 

Limitations and Strengths……………………………………………………………………………….. 133 

Current Status of Federal Supervision and Future Directions…………………………………………... 137 

Conclusion………………………………………………………………………………………………. 149 

 

 

REFERENCES……………………………………………………………………………………….... 

 

 

151 

 

APPENDIX A: STANDARD CONDITIONS OF SUPERVISION…………………………..……….. 

 

174 

 

APPENDIX B: CODING SHEET…………………………………………………………………….... 176 

 

APPENDIX C: CODEBOOK………………………………………………………………………….. 

 

177 

 

APPENDIX D: EXAMPLE R CODE…………………………………………………………….……. 

 

180 

 

APPENDIX E: TEMPLE UNIVERSITY IRB APPROVALS………………………………………… 

 

181 



viii 
 

LIST OF TABLES 

 

Table 1. Terms of imprisonment (in months) recommended by the Federal Sentencing 

Guidelines for supervised release violations, as determined by grade of violation and 

Criminal History Category………………………………………………………………….. 

 

 

21 

 

Table 2. Descriptive statistics for subjects in the general supervision population in districts 

sampled and under supervision in all federal judicial districts as of September 15, 2015….. 

 

 

39 

 

Table 3. Comparison groups constructed and outcomes of interest…………………………  

 

41 

 

Table 4. List of variables used in study and their sources ………………………………….. 

 

50 

 

Table 5.  Descriptive statistics for subjects in the sample (n = 1,135)……………………… 

 

51 

 

Table 6. Logistic regression model predicting whether or not an offender will be revoked  

for technical violation of supervision…………………………………………………….…..  

 

 

55 

 

Table 7. Multilevel model predicting revocation of supervision (fixed effects across  

judicial districts and varying intercept)……………………………………………………… 

 

 

57 

 

Table 8. Multilevel model predicting revocation of supervision (varying slopes across 

districts)……………………………………………………………………………………… 

 

 

58 

 

Table 9.  Logistic regression analyses conducted in the study post-matching……………… 

 

63 

 

Table 10. Summary of research questions, comparison groups, and hypotheses…………… 

 

68 

 

Table 11. Descriptive statistics and results of tests of bivariate association for revoked and 

non-revoked offenders (those subjected to intermediate sanction) in the sample (n = 1,135). 

 

 

72 

 

Table 12. Summary of balance for revoked and non-revoked offenders; before and after 

nearest neighbor matching…………………………………………………………………... 

 

 

75 

 

Table 13. Summary of balance before and after matching for revoked and non-revoked 

offenders; nearest neighbor matching with caliper (0.25)…………………………………… 

 

 

78 

 

Table 14. Summary of balance for revoked and non-revoked offenders; before and after 

optimal matching……………………………………………………………………………..  

 

 

81 

 

Table 15. Summary of balance for revoked and non-revoked offenders; before and after 

genetic matching…………………………………………………………………………….. 

 

 

84 

  

 



ix 
 

Table 16. Logistic regression model predicting whether or not an offender will be charged 

with new criminal conduct during a term of supervision following service of sanction for 

technical violation……………………………………………………………........................  

 

 

89 

 

Table 17. Firth logistic regression model predicting whether or not an offender will be 

charged with new criminal conduct during a term of supervision release following service 

of sanction for technical violation…………………………………………………………… 

 

 

 

91 

 

Table 18. Results of Rosenbaum sensitivity test for Research Question 1……………..…... 

 

92 

 

Table 19. Results of Cox proportional hazards model predicting time to new criminal 

complaint (in months) following service of sanction……………………………………….. 

 

 

96 

 

Table 20. Results of Firth Cox proportional hazards model predicting time to new criminal 

complaint (in months) following service of sanction………………………………………... 

 

 

98 

 

Table 21. Life table for Cox proportional hazards model indicating time to terminal event 

(new criminal complaint; in months) following service of sanction………………………… 

 

 

100 

 

Table 22. Descriptive statistics for matched revoked and non-revoked offenders in the 

sample who served terms of supervision post-sanction, by whether or not they were 

charged with acts of technical non-compliance……………………………………………... 

 

 

 

103 

 

Table 23. Logistic regression model predicting likelihood of being charged with additional 

technical violation of supervision following service of sanction for technical violation…… 

 

 

105 

 

Table 24. Results of Rosenbaum sensitivity test for Research Question 2…………………. 

 

106 

 

Table 25. Results of Cox proportional hazards model predicting time to new technical 

violation (in months) following service of sanction……………………………………….... 

 

 

109 

 

Table 26. Life table for Cox proportional hazards model indicating time to terminal event 

(new technical non-compliance; in months) following service of sanction………………… 

 

 

110 

 

Table 27. Descriptive statistics and results of tests of bivariate association for non-revoked 

offenders in the sample (n=625) by type of type of intermediate sanction served………….. 

 

 

113 

 

Table 28. Summary of balance for offenders subjected to residential reentry center (RRC) 

placement and home confinement (HC); before and after nearest neighbor matching……… 

 

 

115 

 

Table 29. Summary of balance for offenders subjected to residential reentry center (RRC) 

placement and home confinement (HC); before and after nearest neighbor matching with 

caliper (.25)………………………………………………………………………………….. 

 

 

 

118 

 

Table 30. Summary of balance for offenders subjected to residential reentry center (RRC) 

placement and home confinement (HC); before and after optimal matching……………….. 

 

 

121 



x 
 

 

Table 31. Summary of balance for offenders subjected to residential reentry center (RRC) 

placement and home confinement (HC); before and after genetic matching………………... 

 

 

124 

 

Table 32. Logistic regression model predicting likelihood of being charged with an act of 

technical non-compliance while serving an intermediate sanction (residential reentry center 

placement vs. home confinement)…………………………………………………………… 

 

 

 

127 

 

Table 32. Results of Rosenbaum sensitivity test for Research Question 3…..……….…….. 

 

128 



xi 
 

LIST OF FIGURES 

 

Figure 1. Jitter plot of distribution of propensity scores for all revoked and non-revoked 

cases; before and after nearest neighbor matching……………………………………………... 

 

76 

 

Figure 2. Histograms of distribution of propensity scores for all revoked and non-revoked 

cases; before and after nearest neighbor matching……………………………………………... 

 

 

76 

 

Figure 3. Jitter plot of distribution of propensity scores for all revoked and non-revoked 

cases; before and after nearest neighbor matching with caliper (.25)…………………………... 

 

 

79 

 

Figure 4. Histograms of distribution of propensity scores for all revoked and non-revoked 

cases; before and after nearest neighbor matching with caliper (.25)………………………....... 

 

 

79 

 

Figure 5. Jitter plot of distribution of propensity scores for all revoked and non-revoked 

cases; before and after optimal matching……………………………………………………….. 

 

 

82 

 

Figure 6. Histograms of distribution of propensity scores for all revoked and non-revoked 

cases; before and after optimal matching……………………………………………………….. 

 

 

82 

 

Figure 7. Jitter plot of distribution of propensity scores for all revoked and non-revoked 

cases; before and after genetic matching……………………………………………………….. 

 

 

85 

 

Figure 8. Histograms of distribution of propensity scores for all revoked and non-revoked 

cases; before and after genetic matching……………………………………………………….. 

 

 

85 

 

Figure 9.  Estimated survival function of time to new criminal charge (in months) on 

predictors………………………………………………………………………………………... 

 

 

101 

 

Figure 10.  Estimated survival function of time to new criminal charge (in months) on 

predictors, by revoked and not revoked status………………………………………………….. 

 

 

101 

 

Figure 11.  Estimated survival function of time to new technical non-compliance (in months) 

on predictors…………………………………………………………………………………….. 

 

 

111 

 

Figure 12.  Estimated survival function of time to new technical non-compliance (in months), 

by revoked and non-revoked status……………………………………………………………... 

 

 

111 

 

Figure 13. Jitter plots of distribution of propensity scores for offenders subjected to 

residential reentry center (RRC) placement and home confinement (HC); before and after 

nearest neighbor matching……………………………………………………………………… 

 

 

 

116 

  

 

 



xii 
 

Figure 14. Histograms of distribution of propensity scores for offenders subjected to 

residential reentry center (RRC) placement and home confinement (HC); before and after 

nearest neighbor matching……………………………………………………………………… 

 

 

116 

 

Figure 15. Jitter plots of distribution of propensity scores for offenders subjected to 

residential reentry center (RRC) placement and home confinement (HC); before and after 

nearest neighbor matching with caliper (.25)…………………………………………………... 

 

 

 

119 

 

Figure 16. Histograms of distribution of propensity scores for offenders subjected to 

residential reentry center (RRC) placement and home confinement (HC); before and after 

nearest neighbor matching with caliper (.25)………………………………………………….. 

 

 

 

119 

 

Figure 17. Jitter plots of distribution of propensity scores for offenders subjected to 

residential reentry center (RRC) placement and home confinement (HC); before and after 

optimal matching………….......................................................................................................... 

 

 

 

122 

 

Figure 18. Histograms of distribution of propensity scores for offenders subjected to 

residential reentry center (RRC) placement and home confinement (HC); before and after 

optimal atching………………………………………………………………………………...... 

 

 

 

122 

 

Figure 19. Jitter plots of distribution of propensity scores for offenders subjected to 

residential reentry center (RRC) placement and home confinement (HC); before and after 

genetic matching……………………………………………………………………………….. 

 

 

 

125 

 

Figure 20. Histograms of distribution of propensity scores for offenders subjected to 

residential reentry center (RRC) placement and home confinement (HC); before and after 

genetic matching……………………………………………………………………………….. 

 

 

 

125 

 



1 
 

CHAPTER ONE: STATEMENT OF THE PROBLEM 

  

 Community-based corrections constitutes a large portion of the American correctional 

system.  The 4.7 million adults under probation or parole supervision today comprise 69 percent 

of the total adult correctional population in the United States (Kaeble & Bonczar, 2017).    

A substantial number of prisoners in the United States are people who have become 

incarcerated because they have had their terms of community-based supervision revoked and are 

(re)committed to prison.  Approximately one-half of all people admitted to American jails, and 

one-third of all those admitted to prison each year, are there as the result of a revocation of 

community-based supervision (Carson & Anderson, 2016).    

 Two broad types of violations may lead to the revocation of probation or parole 

supervision.  The first involves the commission of a new criminal offense as defined by local, 

state, or federal laws.  The second involves technical violations of supervision.  Technical 

violations, as defined by Seiter (2003), refer to non-criminal infractions of the rules of 

supervision which have been established by the court, parole board, or other release-granting 

authority.  Typical examples of such acts of non-compliance are an excessive number of missed 

appointments with the probation officer, unauthorized association with other persons who have 

criminal records, failure to attend treatment, or unauthorized travel outside the judicial district 

(Sieh, 2003).   

 Most violations of community-based supervision are of the technical variety.  In a 1992 

study, Clear, Harris and Baird found that of 7,501 probation violations examined, less than half 

(48.8 percent) involved new criminal conduct.  More recently, Stickels (2007), examining the 

probation system in Texas, observed that 95 percent of the probation violations filed with the 
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court alleged a technical violation absent any allegation of new criminal conduct.  Fully half of 

the violations which resulted in prison sentences were based solely on technical violations.  In a 

2013 study of inmates released from New Jersey state prison following placement in a halfway 

house, Hamilton and Campbell found that 50 percent were recommitted within 5 years on the 

strength of technical violations alone.  Furthermore, some research, such as that conducted by 

Travis and Lawrence (2002), has found that when prison sentences are imposed for technical 

violations of parole, they do not significantly differ from sentences imposed when the violative 

conduct is the commission of a new crime. 

 Noteworthy, some recent research has found that parolees may engage in new crimes at 

significantly lower rates than offenders released from prison without any parole supervision 

(Ostermann, 2013), but are nonetheless at risk of being returned to prison on the basis of 

technical violations.  A study commissioned by the Pew Charitable Trusts in 2013, for example, 

found that paroled inmates in New Jersey were less likely than “maxed-out” inmates (51 percent  

versus 65 percent) to be rearrested and less likely to be convicted of a new crime (38 percent 

versus 55 percent) within three years of release.  However, over 20 percent of the parolees were 

eventually returned to prison on the strength of technical violations alone.  Taking into account 

technical violations, paroled offenders were just as likely as maxed-out offenders to be 

recommitted to prison within three years of their release.   

 Several explanations have been offered for why so many parolees are returned to prison 

for technical violations. To begin, some scholars, perhaps most notably Feeley and Simon 

(1992), have suggested that community-based supervision is but one facet in the development of 

a “new penology” in which correctional systems have become increasingly concerned with 

managing the risk posed by broad groups of offenders and less concerned with understanding 
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why people commit crimes and providing individuals with rehabilitative services.  Kemshall et 

al. (1997) have proffered that once viewed as the rehabilitative arm of the criminal justice 

system, probation’s traditional concern with the rehabilitation and welfare of offenders is being 

replaced with a desire to control crime through the “accurate prediction and effective 

management of offender risk” (p. 217). 

 Similarly, Clear and Frost (2014) have suggested that as it currently exists, community-

based supervision bears little resemblance to its historical mission of aiding offenders in 

adjustment to the community.  Whereas helping offenders adjust to society includes strategies 

such as assisting in finding employment, furthering one’s education, obtaining child care and 

receiving counseling, current supervision practices focus largely on monitoring and surveillance 

through techniques including frequent drug testing, the administration of polygraph tests and 

increased searches of offenders’ persons and residences. 

 Evidence of this philosophical shift may be found in the changing characteristics of 

parole agencies themselves.  Petersilia (2003) reports that in the 1980’s social work was the most 

common educational path taken by those pursuing careers in parole.  Today, however, the most 

common educational path is criminal justice.  Relatedly, parole officers began carrying firearms 

in the 1980’s and they are now required in many jurisdictions. 

 It has also been suggested that in an effort to bolster the perception of community-based 

supervision as a punitive device and to manage risk, offenders are being subjected to an ever-

increasing number of release conditions and, accordingly, “as the number of conditions grows, 

offenders have more chances to violate” (Parent et al., 1994, p. 5).  Not unlike state systems, the 

federal probation and parole system has seen increased use of supervision conditions.  Between 

1987 and 1996, for example, the proportion of offenders under federal supervision directed to 
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comply with at least one special condition of supervision increased from 67 percent to 91 percent 

(Adams & Roth, 1998).  Additionally, the growing use of technologies such as electronic 

surveillance, polygraph tests, and inexpensive, on-site drug testing are contributing to increased 

detection of violations of these conditions (Parent et al., 1994; Petersilia, 1998).   

 Petersilia and Turner (1993) have submitted that probation and parole officials may be 

inclined to seek revocation of supervision for offenders who are known to have committed 

technical violations but no new crimes because they are relying on a ‘where there’s smoke 

there’s fire’ argument: offenders who feel free to violate the technical conditions of supervision 

are also inclined to commit new crimes, and revoking supervision for technical violations likely 

prevents the eventual commission of additional crimes.  Despite the intuitive appeal of this logic, 

however, there is evidence against it.  In 1984, for example, officials in the state of Washington 

developed new rules regarding the imposition of supervision conditions.  Rather than imposing a 

standard list of conditions on offenders placed on probation, new sentencing guidelines 

instructed the courts to impose conditions only directly relevant to the instant offense of 

conviction and the offender’s prior criminal record.  The result was that most offenders were 

only subjected to two or three probation conditions.  The guidelines also stipulated that any 

revocation resulting from technical violations of supervision could result in a penalty of no more 

than 60 days in custody.  Research conducted subsequent to the enactment of the guidelines 

suggested that technical violations decreased as a result of the new rules, but arrest rates for new 

criminal conduct remained roughly the same (Green, 1988).  Petersilia and Turner (1993) posit 

that if the assumption about the relationship between technical violations and new crimes were 

true, arrest rates for new crimes should have risen following the implementation of the 

guidelines, since fewer crimes would have been “preempted” by incarcerating technical 
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violators.  The fact that arrest rates for new crimes did not increase suggests that technical non-

compliance may not in fact be a harbinger of future criminal activity.  

 Regardless of the precise explanation for why probation and parole revocations are 

undertaken, there are several reasons why the practice of committing probationers/parolees to 

prison for technical violations deserves consideration.  For one, budgetary considerations are 

obviously an important concern.  The annual cost of incarcerating a person in federal prison 

exceeds $30,000 (Administrative Office of the U.S. Courts, 2017b).  The expense of 

incarceration must be weighed against the benefits realized.   

   The cost of imprisonment is not purely financial, however.  A growing body of research 

has revealed the potentially harmful consequences of incarceration.  The challenges facing 

released inmates are well-documented; they are less likely to find employment than individuals 

without criminal records (Holzer, 2009; Pager, 2007) and, if they do find work, they are often 

limited to jobs which pay relatively little and offer few benefits (Uggen, Wakefield & Western, 

2005; Western, 2008).  Imprisonment has also been found to affect things such as marital 

stability (Apel et al., 2009) and even post-incarceration mortality rates (Dirkzwager, 

Niuewbeerta & Blokland, 2012).   

 Additionally, prior research (Clear, 2007; Clear et al., 2003; Rose & Clear, 1998) has 

warned of the potentially destructive effects of mass incarceration on families and communities.  

Clear (2007) has suggested that removing large numbers of people from – and then returning 

them to – disadvantaged communities only serves to disrupt social networks and reduce the 

ability of inmates returning home to contribute to their communities in any meaningful way, 

thereby promoting further criminal behavior through a process known as “coercive mobility.”  

Relatedly, Pettit, Sykes and Western (2009) have pointed out that the trend toward mass 
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imprisonment has resulted in a growing number of children who have incarcerated parents, 

thereby damaging existing familial networks.  The effects of parental imprisonment have been 

experienced disproportionally in the African-American community.  By 2008, 1.2 million 

(approximately 11 percent) of all African-American children had a parent incarcerated; the 

number of black children growing up with at least one incarcerated parent increased six-fold 

between 1980 and 2008.  One effect of mass incarceration has potentially been to perpetuate 

further crime by reducing household earnings and fracturing families and social networks (Rose 

& Clear, 1998; Weaver & Lerman, 2010; Western & Pettit, 2010).    

Furthermore, it has been suggested that mass imprisonment may serve to reduce faith in 

government and weaken perceptions of the legitimacy of law enforcement, including probation 

and parole officials.  Using several national data sources and interviews, Lee, Porter and Comfort 

(2014), for example, measured the prevalence of various attitudes toward the American criminal 

justice and political systems across different populations.  In a sample of women who had been 

incarcerated at some point in their lives, nearly half reported that they had “little or no respect” 

for police officers, probation officers, and correctional authorities; nearly half reported they do 

not believe the criminal justice system treats people fairly; and 40 percent stated that they believe 

a “medium amount” to a “great deal” of people are wrongly convicted.  By contrast, a 2011 

Gallup poll of the general population indicated that 29 percent of Americans had little to no 

confidence in the criminal justice system (Saad, 2011).   

Perceptions of justice and legitimacy may form even in the absence of direct contact with 

law enforcement officials, as when people see friends or family members arrested and subjected 

to the workings of the criminal justice system (Brunson, 2000; Tyler, 1990; Tyler & Huo, 2002).  

Accordingly, when the criminal justice system incarcerates people in a way which may be 
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viewed as illegitimate (such as, for example, imprisoning people for non-criminal acts of non-

compliance), family and friends of the incarcerated may also form views of government which 

are less than favorable.  In other words, people form perceptions of government legitimacy not 

only via their own experiences, but from having witnessed the experiences of others.  

  Wodahl, Ogle and Heck (2011) have suggested that the practice of returning offenders to 

prison for technical violations places the very legitimacy of community-based supervision at 

stake.  They submit that probation and parole departments, like many public-service 

organizations, are unlike private businesses in that they survive not by virtue of their ability to 

turn a financial profit, but rather because they maintain some perceived legitimacy in the eyes of 

the public and government officials.  When these organizations resort to incarceration as a means 

of dealing with the behavior of offenders under supervision, they tacitly admit to failure of their 

fundamental philosophical underpinning - that human behavior can effectively be managed 

through community-based correctional practices. 

 Finally, ethical concerns about incarcerating persons under community-based supervision 

for the commission of technical acts of non-compliance also abound.  Andrew von Hirsch 

(1990), for example, has suggested that an important ethical quality of sanctions is that they be 

proportional to the offense committed.  He has suggested that the ethical considerations of 

community-based supervision have often been overlooked; we should contemplate not only the 

intrusive and punitive characteristics of probation and parole but the treatment of probation and 

parole violators.  According to von Hirsch, one could argue that imprisoning probation and 

parole violators for engaging in acts of technical non-compliance is unethical because the 

sanction imposed is not commensurate with the (non-criminal) offense committed.     
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All of these things may bring into question the value of imprisonment as a method of 

crime control generally and, more specifically, as a response to technical violations of 

community-based supervision.  Perhaps a better question, however, is not whether imprisonment 

“works” or is effective as a means of responding to violations of community-based supervision, 

but rather how well it works compared to alternative sanctions, such as the placement of 

offenders into programs of home confinement or residential facilities.   

Relatively little is known about the effect of these intermediate sanctions on shaping 

offender behavior and reducing the likelihood of subsequent non-compliance or new criminal 

activity (Committee on Community Supervision and Desistance from Crime; 2008; Steiner et al., 

2011).  A review of the existing literature has produced only one study which specifically 

examined the question of whether imposing imprisonment in response to probation violations is 

more effective than using alternative, community-based sanctions.   Using mixed regression 

models, Wodahl, Boman and Garland (2015) studied a sample of 283 adults under intensive 

supervision in Wyoming and concluded that incarcerating offenders for supervision violations 

was no more effective than subjecting them to alternative sanctions (such as verbal reprimand, 

electronic monitoring or the imposition of community service hours) with regard to delaying the 

time to additional non-compliance and reducing the number of future violations. 

Although Wodahl, Boman and Garland (2015) included as independent variables assorted 

personal characteristics about the offender sample (such as age, race, and whether or not each 

subject had previously been convicted of a felony crime), the study did not control for any 

selection bias which may have resulted in the formation of the imprisoned or non-imprisoned 

groups.  An alternative approach may have made use of matching techniques, such as those 

which utilize propensity score analysis, in an effort to reduce the threat of selection bias.  
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Additionally, the Wodahl, Boman and Garland (2015) study relied on data gleaned from a single 

state (Wyoming), which is rather homogenous in terms of its demographic composition, thereby 

limiting the generalizability of its findings.           

The present study contributes to our current body of knowledge by comparing the 

incapacitation and specific deterrent effects of various responses (specifically, imprisonment and 

the community-based sanctions of reentry center placement and home confinement) to technical 

non-compliance on the part of offenders under supervision.  This topic has rarely been studied 

previously.  The present study not only does so, but improves upon the limited work which has 

been done thus far.    
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CHAPTER TWO: LITERATURE REVIEW    

Community-Based Supervision: History and Philosophy 

  

 The history of community-based supervision in America is generally traced back to John 

Augustus, often referred to as the “father” of probation in the United States.  In 1841, Augustus, 

a Boston bootmaker, posted bail for a man arrested for having been a drunkard in violation of the 

laws in Massachusetts.  When the man appeared before the judge for sentencing, Augustus 

prevailed upon the Court to defer sentencing for a term of approximately three weeks.  When the 

man subsequently appeared for sentencing, he was able to convince the Court that he had been 

rehabilitated under Augustus’s supervision and the concept of probation was born.  Over the 

course of the next 15 years, Augustus went on to bail out and supervise an additional 1,800 

arrested persons.  In 1878, Massachusetts adopted the concept of probation and created the 

nation’s first formal probation department, which was specifically charged with providing 

supervision to juveniles.  In 1901, New York became the first state to create a probation program 

for adults, and by 1956 all states had adopted laws authorizing probation for juveniles and adults 

alike.   

 Thereafter, probation developed in relative obscurity until the 1970’s, when a series of 

highly-publicized reports, most notable among them Martinson’s review of rehabilitative 

programs, seemingly concluded that “nothing works” (Martinson, 1974).  Since that time, 

probation departments have struggled, with relatively meager resources, to upgrade services and 

the quality of supervision (Petersilia, 2011).  Today, probation agencies accept the majority of 

cases disposed of through the criminal justice process; approximately 60 percent of all criminal 

matters which result in findings of guilt result in sentences to a term of probation.  Despite this, 
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as pointed out by Petersilia (2003), probation agencies receive less than 10 percent of all criminal 

justice funding.  

 Parole, derived from the French word for ‘word’ (as in giving one’s word or making a 

promise), is largely attributed to Alexander Moconochie and Sir Walter Crofton.  Moconochie 

administered the English penal colony at Norfolk Island and, in 1840, implemented a system in 

which prisoners could earn an early release from custody if they earned “marks” based upon 

good behavior and performing certain tasks while incarcerated.  Crofton implemented 

Maconochie’s system in the Irish prison system in 1854.  Upon release, his inmates were 

required to submit monthly reports to the police and a police inspector was charged with 

overseeing their activities (Petersilia, 2011). 

 Zebulon Brockway is credited with implementing the first parole system in the United 

States.  Brockway proposed a system which made use of indeterminate sentencing and 

subsequent supervision and instituted it at the youth reformatory in Elmira, New York, upon his 

appointment as administrator in 1876.  Under his system, each inmate brought into the system 

was automatically placed in the second grade of classification.  Inmates could earn promotion to 

the first grade if they displayed good behavior for six months, but misbehavior could result in 

demotion to the third grade.  Continued good behavior in the first grade would ultimately result 

in release.  Like that of his predecessors Maconochie and Crofton, Brockway’s efforts reflected 

the zeitgeist of the time that offenders could be reformed and treatment within the criminal 

justice system should be individualized.  In 1907, New York became the first state to formally 

adopt a parole system with all its basic components, including indeterminate sentencing, a 

system for granting release, post-release supervision, and specific criteria for parole violations.  

All states had some form of parole in place by 1947 (Petersilia, 2011).         
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 Though probation and parole changed little in terms of their basic operations throughout 

the 20th Century, developments did occur with regard to the formation of “intermediate 

sanctions,” mid-range punishments which lie somewhere between prison and routine probation 

supervision.  Taxman (1998) traces the development of these programs back to the early 1980’s.  

She cites three events as being the primary drivers behind the growing use of intermediate 

sanctions: 1) prison overcrowding, 2) research on the recidivism rates of paroled offenders, and 

3) increased attention on the part of criminologists to the potential value of intermediate 

sanctions. 

 For one, Taxman suggests that prison overcrowding, particularly in the southern United 

States, necessitated the need for sanctions alternative to imprisonment.  Not only did growing 

imprisonment rates become cost-prohibitive, but federal courts found overcrowded prisons to be 

in violation of the Eighth Amendment’s prohibition against cruel and unusual punishment.  As a 

result, several states began creating intermediate sanction programs which often consisted of 

increased probation monitoring and surveillance of offenders in lieu of incarceration or more 

traditional, routine probation supervision. 

 Secondly, Taxman explains that research conducted around this time suggested that 

placing felony offenders on routine probation presented risks for public safety.  Most notably, 

RAND Corporation, operating under a grant awarded by the National Institute of Justice, 

produced a report which concluded that two-thirds of the probationers tracked during the study 

were rearrested within three years and more than half were reconvicted of serious offenses. 

 Finally, Taxman points to a growing consensus among criminologists beginning in the 

mid 1980’s that there existed within the correctional system a paucity of punishment options 

between imprisonment and routine probation.  Morris and Tonry (1990), for example, provided a 
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conceptual framework of the need for graduated sanctions and argued that rigorously enforced 

intermediate punishments could better serve offenders, victims, and the justice system as a 

whole. 

 Since that time, an assortment of intermediate sanctions came to be developed for use 

within the criminal justice system.  These innovations have included (but certainly are not 

limited to) the use of home confinement and placement in reentry centers, both of which are used 

today not only in many states but the federal criminal justice system, as well. 

 As described by McCarthy, McCarthy and Leone (2001), home confinement (sometimes 

referred to as house arrest), is a sanction which requires the offender to be within his residence 

for specified periods of time each day.  Offenders are typically permitted to leave the residence 

for employment, schooling, medical visits, and other reasons as approved by the court or 

probation officer.  Home confinement is frequently enforced through electronic monitoring.  In 

such cases, the offender is fitted with an ankle bracelet and a receiving unit is placed in the 

offender’s residence.  When the anklet comes into proximity with the receiving unit, the 

probation officer is alerted to the offender’s presence in the residence and can determine if he is 

abiding by a pre-approved schedule.  If the offender leaves the residence during a time when he 

is scheduled to be home, the receiver alerts a monitoring company, which in turn notifies the 

probation officer. 

A relatively limited amount of prior research has examined the effects of home 

confinement programs on offenders and their activities.  Klein-Saffran (1992) examined the 

recidivism of 4,000 federal parolees who were released to a “special curfew parole” program 

offered under the jurisdiction of the U.S. Parole Commission.  Less than 3 percent of the 

program’s participants were revoked for violations within their first year in the program.  In one 
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of the larger and more recent studies, Padgett, Bales and Blomberg (2006) analyzed data 

collected on over 75,000 offenders placed on home confinement within the state of Florida 

between 1998 and 2002.  They concluded that placing offenders on home confinement with 

electronic monitoring led to fewer technical supervision violations and fewer acts of new 

criminal conduct compared to supervision absent a home confinement condition.  A 2017 study 

by Wolff et al., which examined defendants in the federal criminal justice system, found that 

defendants released to home confinement pre-trial were less likely to be charged with new 

crimes than a matched group of defendants released without home confinement.  The group of 

defendants released to home confinement engaged in more technical violations than the group 

released without home confinement, but not significantly so.  By contrast, Cooprider and Kerby 

(1990), found significantly higher rates of technical violations for pretrial release offenders 

placed under conditions of home confinement compared to those who were released without 

being subjected to the terms of home confinement.   

 Reentry centers (also frequently referred to as halfway houses or community reentry 

centers) are residential transitional facilities at which inmates serve some portion of their 

custodial sentence prior to release back into the community.  In the federal system, inmates may 

serve up to the final year of their prison term in a residential reentry center.  Reentry centers are 

based on the notion that they provide an environment designed to ease an inmate’s transition 

back into society by providing basic food and shelter, while offering a structured environment 

which subjects the inmate to curfews, drug tests, and searches for contraband.   

 As with home confinement, little research has heretofore examined the effectiveness of 

reentry centers in reducing offender recidivism.  Beck (1981) studied a sample of over 2,000 

federal parolees released to reentry centers in 1978 and found that offenders released to such 
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facilities had a significantly lower rate of recidivism during their first 12 months of supervision 

than offenders not released to such facilities.  More recently, Hamilton and Campbell (2014) 

studied the reentry center system in New Jersey and found that offenders released from state 

prison to a halfway house before commencing terms of parole within the community were less 

likely to be returned to prison on parole violations than offenders released absent a halfway 

house placement (whether or not an offender served time in a halfway house pre-release was 

insignificant in predicting likelihood of re-arrest while under parole supervision).  

    

    Supervision in the Contemporary Federal System 

 By act of Congress, the United States federal court system is currently divided into 94 

judicial districts.  Many states (such as Pennsylvania, for example) have more than one federal 

judicial district.  Some states, generally those that are geographically smaller (such as New 

Jersey), are comprised of a single district.  These 94 districts are organized into 12 regional 

circuits, in each of which sits a court of appeals.  The appellate courts hear appeals which 

originate from cases within the district courts as well as appeals of decisions made by federal 

administrative agencies.  

Following the growing use of probation by the states in the early 1900’s, a movement 

began to grow urging the development of a probation system for federal offenders.  Several early 

attempts to pass a federal probation bill were defeated, as many federal judges were initially 

opposed to the creation of a system of federal probation.  One judge, writing to a supporter of 

legislation aimed to create a federal probation system, wrote in 1923 (Evjen, 2015): 
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I most sincerely hope that you will fail in your efforts, as I think they 

could not be more misdirected.  The United States district courts 

have already been converted into police courts, and the efforts of 

your Association are directed towards converting them into juvenile 

courts also…In this country, due to the efforts of people like 

yourselves, the murderer has a cell bedecked with flowers and is 

surrounded by a lot of silly people.  The criminal should understand 

when he violates the law that he is going to a penal institution and 

is going to stay there.  Just such efforts as your organization is 

making are largely responsible for the crime wave that is passing 

over this country today and threatening to engulf our 

institutions…What we need in the administration of criminal laws 

in this country is celerity and severity.   

 

Nonetheless, after the introduction of 34 failed federal probation bills between 1909 and 

1925 (Evjen, 2015) the federal government finally allowed for use of probation by the federal 

courts when President Calvin Coolidge signed the Probation Act of 1925, giving the courts the 

power to suspend the imposition or execution of sentence and place defendants under 

supervision for such a term and under such conditions as the Court deemed appropriate.  The Act 

also created the federal probation system and authorized the use of paid (as well as volunteer) 

federal probation officers.  The Federal Bureau of Prisons was subsequently established in 1929, 

and with it the creation of three federal penitentiaries and a parole board to oversee the release of 

federal inmates. 

For much of its history, community-based supervision at both the federal and state levels 

was seen as being largely rehabilitative in its mission, rather than punitive or controlling (Clear, 

2014).  Changing discourse beginning in the 1970’s, however, eventually resulted in an overhaul 

of community-based corrections at the federal level and widespread changes to the American 

criminal justice system generally.  Several factors have been identified as causing these changes, 

which David Garland (2001) has described as part of a shift from “penal welfarism,” a criminal 

justice system previously occupied with understanding the underlying causes of crime and 
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promoting change within offenders, to the development of a “culture of control,” a system 

concerned not so much with treating offenders as with controlling their behavior. 

For one, a growing body of research, most notably Martinson’s 1974 publication What 

Works? Questions and Answers About Prison Reform, seemed to suggest that most programs 

designed to rehabilitate offenders were largely ineffective.  Martinson’s conclusions were 

somewhat overdrawn, however, and he himself eventually refuted interpretations of his research 

as suggesting that “nothing works” (Holt, 1998).  Nonetheless, conservatives seized upon his 

work to advance a get-tough-on-crime political agenda.  Progressives, on the other hand, already 

suspicious of the government as a result of events including the Vietnam conflict, the shooting of 

student protestors at Kent State University, and the Watergate scandal, turned their attention to 

trying to ensure that offenders would be treated justly by the courts and prison system.  One way 

to ensure such uniform treatment was to constrain the authority of parole boards, who were 

viewed as frequently making arbitrary decisions regarding release (Dean-Myrda & Cullen, 

1998).  Additionally, rising crime rates and the emergence of crack cocaine stoked public fear of 

crime, prompting liberal and conservative politicians alike to push for increasingly punitive laws 

and a reduced role for probation and parole.  Like some of the federal judges in the early 20th 

century, many observers began to regard probation and parole as being soft on crime (Garland, 

2001; Tonry, 1994). 

As a result of these factors, many states made changes to their sentencing or parole 

systems.  Between 1976 and 1979, seven states reduced the discretion of their paroling 

authorities, and six more states did so by 1990.  New Jersey and Pennsylvania abolished 

indeterminate sentencing but kept parole.  Connecticut, Washington, Maine, and Florida all 

eventually abolished discretionary parole release (Holt, 1998). 
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Not to be outdone, in 1984 federal legislators enacted the Sentencing Reform Act, a 

portion of the Comprehensive Crime Control Act of 1984 (Pub.L. 98-473).  The Act retained the 

use of probation in the federal system but abolished the use of parole, replacing it with 

supervised release, a term of supervision designated to follow a period of imprisonment and set 

by the Court at time of sentencing (Doherty, 2013).  The Act also created federal sentencing 

guidelines which, for the next 30 years, greatly reduced the discretion once enjoyed by federal 

judges in fashioning criminal sentences.   

     The authority of a U.S. District Court to impose a term of probation in lieu of 

imprisonment or to impose a term of supervised release to follow a period of imprisonment are 

found at 18 U.S.C. §§ 3561 – 3563 and 3583, respectively.  These statutes also mandate the 

imposition of particular conditions of supervision and authorize the district court to impose other 

conditions as appropriate.  The standard conditions of supervised release and probation 

supervision adopted for use in one federal district (New Jersey) are provided in Appendix A. 

Supervision conditions are designed to, in theory, reduce risky activities and criminal 

behavior on the part of those under supervision (MacKenzie et. al, 1999; McCarthy, McCarthy & 

Leone, 2001).  In the federal system, if, throughout the course of probation or supervised release, 

a probation officer alleges one or more violations of the conditions of supervision, several 

options for addressing the non-compliance become available.  For one, the offender may opt to 

enter into a written agreement with the probation officer in which he admits to having violated 

the terms of supervision and agrees to an intermediate sanction; these sanctions typically take the 

form of either serving a specified period of time in the district’s home confinement program or 

residing for a period of time in a residential reentry center.    
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Both sanctions allow the offender to remain in the community, maintain contact with his 

or her loved ones, and seek/maintain employment, yet place some limits on the offender’s 

liberty.  As previously noted, in the case of the home confinement program, an offender is 

permitted to leave his residence only in accordance with a schedule pre-approved by the 

probation officer.  Typically permissible are trips to and from work, medical and legal 

appointments, and opportunities to attend religious services.  Enforcement of the rules of home 

confinement in the federal system is ordinarily done with electronic monitoring.   

The residential reentry centers, on the other hand, are secure facilities at which offenders 

are required to reside when not at work.  Offenders may be granted permission to leave the 

facility to participate in outpatient counseling, meet with the probation officer, or participate in 

approved family activities.  Residents are routinely searched upon entering the facility, are 

regularly drug-tested by staff, and are required to participate in a variety of ancillary programs 

while residing at the facility, such as life skills, drug treatment, job search, and other classes as 

deemed appropriate by the probation officer. 

 In lieu of agreeing to serve an intermediate sanction, offenders charged with supervision 

violations may also opt for a hearing before the judge assigned to their case; this is ordinarily the 

judge who originally sentenced the offender and placed him or her on supervision as a result of 

the criminal conviction.  In cases in which the hearing results in a guilty plea or finding of guilt 

with regard to one or more alleged violations, the Court has the option of extending supervision, 

modifying the existing terms (usually by ordering the offender to serve some period of time in 

the home confinement program or a residential reentry center as a newly-added condition of 

supervision), or revoking supervision and ordering the offender incarcerated, often with the 

option to reimpose supervised release upon completion of the custodial term.   
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In determining the appropriate sanction for supervision violations, federal judges may 

consult the United States Sentencing Guidelines, which provide the court with a non-binding 

recommendation as to how much (if any) prison time should be ordered as a result of a given 

supervision violation.1  In the case of probation violations, the Court may opt to modify the 

existing term of probation by either adding special conditions or extending the length of 

supervision, or it may resentence the offender to any prison term authorized by statute which 

could have been imposed at the time of original sentencing.  For supervised release violations, 

the Sentencing Guidelines provide recommended ranges of imprisonment for assorted types of 

violations.  These recommendations are determined by calculation of a formula which takes into 

account various aspects of the offender’s prior criminal record as well as the seriousness of the 

violative conduct (as a general rule, supervision violations based on new criminal conduct 

expose the offender to a longer term of imprisonment upon revocation than do technical 

violations of supervision).  Table 1 presents the terms of imprisonment recommended in the 

Federal Sentencing Guidelines for supervised release violations. 

 

 

 

 

 

  

                                                           
1 It is worth noting that application of the Sentencing Guidelines with regard to new criminal convictions was 

required by statute until the Supreme Court’s ruling in U.S. v. Booker & Fanfan, 543 U.S. 220 (2005), which 

determined that mandatory application of the Guidelines constituted a violation of the Sixth Amendment.  Booker, 

however, did not affect the Guidelines with regard to the handling of probation and supervised release violations. 

Chapter 7 of the Guidelines, which addresses supervision violations, has always been a “policy statement” non-

binding on the federal courts.  
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Table 1. Terms of imprisonment (in months) recommended by the Federal Sentencing 

Guidelines for supervised release violations, as determined by grade of violation2 and Criminal 

History Category.3 

 

 
 

Grade of 
Violation 

Criminal 
History 

Category  
I 

Criminal 
History 

Category  
II 

Criminal 
History 

Category  
III 

Criminal 
History 

Category  
IV 

Criminal 
History 

Category  
V 

Criminal 
History 

Category  
VI 

 

C 

 

3 – 9 

 

4 – 10 

 

5 – 11 

 

6 – 12 

 

7 – 13 

 

8 – 14 

B 4 – 10 6 – 12 8 – 14 12 – 18 18 – 24 21 – 27 

A(1) 

A(2)4 

12 – 18 

24 – 30 

15 – 21 

27 – 33 

18 – 24 

30 – 37 

24 – 30 

37 – 46 

30 – 37 

46 – 57 

33 – 41 

51 – 63 

  

According to the Administrative Office of the U.S. Courts (2017a), in the 12-month 

period ending September 30, 2016, a total of 54,842 federal offenders across the country had 

terms of supervision closed.  Of these, 15,484 cases (28 percent) were closed by way of 

                                                           
2 According to Sec. 7B1.1 of the United States Sentencing Guidelines, there are three “grades” of supervision 

violations; suggested lengths of imprisonment are provided for violations of different grades.  Grade A violations 

consist of new criminal conduct for “crimes of violence” and “controlled substance offenses” as defined by the 

Guidelines as well as certain enumerated weapons offenses.  Grade B violations consist of any other criminal acts 

punishable by a term of imprisonment exceeding one year under federal, state or local law.  Grade C violations 

include all other criminal acts as well as technical violations of supervision.  All technical violations (the focus of 

the current study) are considered Grade C violations.     

 
3 At time of original sentencing, the Court makes a finding as to the offender’s Criminal History Category based 

upon a probation officer’s calculations of the sentencing guidelines as contained in the presentence report.  The 

probation officer arrives at the Criminal History Category by using a formula outlined in the guidelines which is 

based on, among other things, the number of prior convictions a given offender has.  The Court’s determination of 

the Criminal History Category is then placed on the record as a reason for explaining the sentence imposed.  In their 

petitions filed with the Court alleging violations of supervised release, probation officers include reference to the 

Criminal History Category as adopted by the Court at the time of the original sentencing which, taken in 

combination with the “grading” of the violative conduct as defined by the Guidelines, is part of the newly-calculated 

range of imprisonment recommended as a response to the supervision violation. 
 
4 Federal statute (18 U.S.C. § 3559) delineates particular grades of offenses for criminal acts (specifically, Felonies 

of Grade A, B, C, D, and E as well as misdemeanors).  Subsection A(2) is to be utilized in the case of determining 

the recommended range of imprisonment for an offender who was convicted of one or more Grade A felonies at the 

time of original sentencing.   
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revocation as opposed to successful completion of supervision.  A total of 10,838 (70 percent) of 

the cases revoked were revoked on the strength of technical violations alone, absent any new 

criminal conduct.  Notably, federal judges are not required to revoke the supervision of offenders 

who have been adjudged guilty only of technical violations.   

 The practice of sentencing technical violators to prison in the federal system comes at 

some financial cost.  According to a memorandum issued by the Administrative Office of the 

U.S. Courts on July 13, 2017, the annual cost of federal imprisonment is $34,770 for an 

individual, compared to $29,280 for housing a person in a residential reentry center and $4,392 

for supervising a person within the community (Administrative Office of the U.S. Courts, 

2017b). 

Of additional note, federal judges have recently begun to express concern about the rather 

limited options available to them in responding to supervision violations and the lack of specific 

direction provided by the Guidelines with regard to how to effectively deal with non-compliance.  

In its publication Results of 2014 Survey of United States District Judges: Modification and 

Revocation of Probation and Supervised Release, the United States Sentencing Commission 

reported that 59 percent of judges surveyed by the Commission replied ‘Yes’ to a question which 

asked if the Guidelines should be revised to provide judges with more options to address 

supervision violations.  Ninety-four percent of the judges surveyed answered ‘Yes’ to a question 

which asked if the Guidelines should provide recommendations about specific sanctions short of 

incarceration that could be imposed through the modification of conditions. 

 

 

 



23 
 

Punishment: Theoretical Bases and Research 

 The practice of punishing individuals for non-compliance with the law has traditionally 

been considered to serve several purposes; among these primarily are retribution, incapacitation, 

general and specific deterrence, and even rehabilitation.  When contemplating imprisonment as a 

response to technical violations of supervision, it is worth considering how imprisonment 

achieves (or fails to achieve) each of these objectives. 

 

Retribution   

 Packer (1968) has described the retributive view as “resting on the idea that it is right for 

the wicked to be punished: because man is responsible for his actions, he ought to receive his just 

deserts” (p. 37).  He goes on to submit that the retributive philosophy takes either of two main 

versions: that of revenge or expiation.  The philosophy of revenge is simply that we seek to 

punish those who have broken the law as a desirable expression of outrage against offenders.  

The expiation theory, which extends upon the basic retributive model, holds that offenders atone 

for their crimes only through suffering. 

 

Incapacitation 

 Punishment (in particular, imprisonment) has frequently been cited as a valuable tool in 

fighting crime because of its ability to incapacitate offenders.  Indeed, the notion of 

incapacitation can be traced back to the earliest days of criminology.  Jeremy Bentham, writing 

in 1802, proffered that once removed from society, an offender “for a given time…will neither 

pick a pocket, nor break into a house, nor present a pistol to a passenger…within that time” (p. 

183).  The current interest in incapacitation as a means of crime control can perhaps be traced to 
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a 1972 paper by Marsh and Singer entitled Soft Statistics and Hard Questions, in which they 

suggested that crime might be substantially reduced by increasing the use of imprisonment. 

 Despite the intuitive appeal of incapacitation as a means of crime control, however, its 

value appears dubious.  A number of researchers have suggested that the benefit of policies 

aimed at the widespread incapacitation of offenders is largely ambiguous or, at best, modest.  

Zimring (2007), for example, submits that imprisonment increased through the 1970’s and 

1980’s but crime did not significantly decrease until the 1990’s, making the relationship between 

imprisonment and crime rates ambiguous.   

Blumstein and Rosenfeld examined the relationship between imprisonment and crime 

rates in a 2008 review conducted for the National Academy of Sciences.  They suggested that 

rising rates of imprisonment may have contributed to decreasing crime rates, but the effect is 

modest and the relationship is hardly straightforward.  For instance, they point to research which 

indicates that the crime reduction effects of incarceration may grow larger with increased 

imprisonment, but level off at a certain point before beginning to diminish (Canela-Cacho, 

Blumstein & Cohen, 1997).  Spelman (2006) has also argued this point, submitting that the 

incapacitation effects of imprisonment weaken with the increased incarceration of less serious 

offenders inherent in the expanded reliance on prison as a means of crime control.  Moreover, as 

previously noted, several researchers (Clear, 2007; Liedka, Piehl & Useem, 2006; Rose & Clear, 

1998) have commented that increasing the prison population beyond a certain point may even 

increase crime.   
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Deterrence 

 Deterrence, in the words of Packer (1968), refers to “the inhibiting effect that 

punishment, either actual or threatened, will have on the actions of those who are otherwise 

disposed to commit crimes” (p. 39).  Deterrence is said to be of the general kind when we are 

discussing the ability of punishment to discourage members of the public from committing 

crime; it is said to be specific in nature when we refer to the effect of punishment in discouraging 

punished offenders from engaging in additional criminal activity. 

 The value of punishment as a general deterrent has long been scrutinized by researchers.  

In a recent comprehensive review of the research on deterrence, Nagin (2013) examined the 

results of several true experiments and quasi-experiments which sought to ascertain the deterrent 

effects of assorted legal interventions.  He noted, for example, that the general deterrent effects 

of punitive sentencing policies such as the use of enhanced sentences for certain types of 

offenses (e.g., those that involve the use of a firearm; McDowall, Loftin & Wiersema, 1992) and 

the enactment of “three-strikes” laws on crime rates have been negligible (Greenwood & 

Hawken, 2002; Zimring, Hawkins & Kamin, 2001). Additionally, when deterrence does occur, 

its effects are often short-lived before dissipating.  Short-term general deterrence has been found 

in studies examining the deterrent effect of police presence (Koper, 1995; Sherman & Weisburd, 

1995) and enforcement crackdowns on drunk-driving (Ross, 1981), seatbelt violations (Watson, 

1986), crack houses (Sherman & Rogan, 1995) and gun law violations (Koper & Mayo-Wilson, 

2006; Sherman, 2000). 

In its simplest form, specific deterrence theory suggests that individuals who have 

experienced a severe sanction are less likely to engage in further criminal behavior than those 

who have experienced lesser sanctions.  However, the prior research in this field has generally 
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concluded that imprisonment is generally ineffective as a specific deterrent.  Perhaps the most 

widely-cited work in this field is Langan & Levin’s 2002 study of the recidivism rates of inmates 

released from state prisons.  They found that within three years of release, 67% of the prisoners 

studied who were released from prison in 1994 were rearrested for a new crime and 25% were 

recommitted to prison.  

Additionally, studies which have compared the specific deterrent effects of imprisonment 

to that of less severe sanctions has generally concluded that imprisonment fares no better than 

alternative sanctions in deterring future criminal activity.  Courtright, Berg and Mutchnick 

(1997), for example, compared the recidivism rate of individuals convicted of driving under the 

influence (DUI) and placed on home confinement with electronic monitoring to a sample of 

individuals convicted of DUI and sentenced to jail.  They followed the offenders for an average 

of 445 days following their release and found that the rates of recidivism did not differ 

significantly between the groups.  Gainey, Payne and O’Toole (2000) used event history analysis 

to assess the relationships between time spent in jail, time spent on electronic monitoring, and 

recidivism in a sample of offenders who had served sentences comprised of both some time 

spent in jail and some time spent under electronic monitoring.  They found that time in jail was 

not significantly related to either probability of recidivism or time to recidivism but the greater 

the amount of time spent on electronic monitoring, the smaller the likelihood of rearrest and the 

longer the time to rearrest.  Finally, Spohn and Holleran (2002), upon studying a sample of 

offenders convicted of felonies in Kansas, found that those offenders who were sentenced to 

prison had higher rates of recidivism and recidivated more quickly than those offenders 

sentenced to probation. 
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Put succinctly, Nagin (2013), upon conducting a comprehensive survey of the research, 

concluded, “there is little evidence of a specific deterrent effect resulting from the experience of 

imprisonment compared to the experience of having served an intermediate, non-custodial 

sanction such as a probation.  Instead, the evidence suggests that reoffending is either unaffected 

or increased” (p. 3).   

        

 Rehabilitation 

Finally, Packer (1968) explains that rehabilitation attempts to “change the personality of 

the offender so that he will conform to the dictates of law” (p. 53).  Probation and parole have 

traditionally been considered to agents of the rehabilitative ideal (Morgan & Smith, 2005).   

A growing body of literature suggests that informal social controls, such as bonds to pro-

social family members, friends and activities may be just as important as methods of formal 

control (state-authorized efforts such as the police and prison) in reducing criminal activity 

(MacKenzie & Li, 2002; Laub & Sampson, 2003).  This reduction may occur even when there 

are short-term changes in life circumstances; offenders are less likely to commit new crimes 

while living with spouses and children and attending work or school (Horney, Osgood & 

Marshall, 1995).  It has been suggested that probation and parole, while formal methods of social 

control, may serve as “presses” to encourage the formation of bonds to conventional social 

institutions (MacKenzie & Li, 2002).  Supervision may attempt to do this by, for example, 

prohibiting persons under supervision from having contact with other ex-offenders, requiring 

offenders to maintain gainful employment or attend school, and directing offenders to participate 

in counseling, cognitive skills training, or other therapeutic groups. 
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 Intermediate sanctions such as home confinement and reentry center placement are 

thought to be both controlling and correctional in practice.  While both place limits on offender 

activity and subject offenders to increased scrutiny at the hands of officials, they also allow 

people under supervision enough latitude to engage in prosocial activities such as work, 

drug/mental health treatment, community events, and spending time with family.  As such, when 

used by supervision officials, intermediate sanctions may conceivably promote rehabilitation by 

strengthening important social bonds.   

Indeed, much prior research points to the importance of building and maintaining 

prosocial ties as protective factors against criminal conduct.  Laub and Sampson (2003), for 

example, in their seminal work which followed up on the Gluecks’ 1950 sample of delinquent 

boys, cited the introduction of life events such as employment and marriage as some of the 

“turning points” which redirected youthful offenders away from criminal paths and led them to 

desist from crime.  Employment, for instance, may allow offenders to forge bonds to prosocial 

role models and structure routine activities.  Marriage may allow spouses to exert healthy 

influences on offenders while at the same time reducing their time spent with criminal associates.  

Some research suggests that even short-term changes in offenders’ situations and circumstances 

may be associated with lower likelihood of reoffending (Laub & Sampson, 2003; MacKenzie & 

Brame, 2001; McGloin et al., 2007).       

Some scholars conceptualize the change process underlying individual movement away 

from criminal attitudes and behaviors and toward prosocial ones as similar to the process of 

recovering from drug or alcohol abuse.  Wanberg and Milkman (2007), for instance, have 

posited that offender change requires a progression through assorted stages of recovery during 

which “relapse” into offending and other destructive behaviors are to be expected.  When 
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offender non-compliance is viewed from this perspective, it is not difficult to see how taking 

measured and graduated steps to address non-compliance – quite possibly by mandating that 

offenders participate in intermediate sanctions tailored to their specific needs – may facilitate 

eventual change.   

The proposed study is concerned with the incapacitation and specific deterrent effect of 

imprisonment and alternative sanctions (specifically, home confinement and reentry center 

placement) when imposed as responses to technical non-compliance on the part of offenders 

under supervision.  It is suggested that if it can be established that imprisoning supervision 

violators is not more effective than imposing intermediate sanctions with regard to incapacitating 

or deterring (or rehabilitating) them, any argument in support of responding to technical violators 

of supervision by imprisoning them must therefore rely mainly on retributive grounds. 
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Research Questions and Hypotheses 

 It would be immensely valuable from both economic and public safety perspectives to 

determine if intermediate sanctions are as effective (or more effective) than imprisonment in 

reducing recidivism, both in the form of new criminal conduct as well as recurring technical 

violations of supervision.  The fact that intermediate sanctions serve to exert control over 

offenders’ behavior yet at the same time allow and encourage them to participate in prosocial 

activities may suggest that they hold more promise than imprisonment with regard to reducing 

crime and subsequent non-compliance, and at less financial cost and with less collateral damage 

to families and communities.   

This study, for one, describes generally offenders who have their terms of supervision 

revoked and sentenced to prison on the strength of technical violations alone and how they may 

differ from offenders who are subjected to intermediate sanctions (home confinement or reentry 

center placement) as a result of having committed technical violations.  Currently, little is known 

about how these subpopulations of offenders may differ from each other and the general 

population under supervision. 

Secondly, the study examines the relative effectiveness of imprisonment and the 

intermediate sanctions of reentry center placement and home confinement as responses to 

technical non-compliance in terms of their ability to deter and delay the commission of new 

criminal activity and additional technical non-compliance.   

 In doing so, the study addresses the following specific research questions: 

 

 



31 
 

Research Question 1:  Which response to acts of technical non-compliance on the part of 

offenders under supervision – incarceration or the imposition of an intermediate sanction – will 

be more effective as a specific deterrent in terms of reducing the likelihood that an offender will 

be charged with a new crime following completion of the sanction imposed? 

Hypothesis 1:  This research question examines the specific deterrent effect of 

imprisonment compared to intermediate sanctions.  As suggested by Nagin (2013), the true value 

of deterrence lies not in the severity of punishment, but rather the certainty of punishment.  As 

such, the greater relative severity of imprisonment compared to the severity of intermediate 

sanctions would appear to be of limited usefulness as a specific deterrent to future offending 

behavior.  Given, however, the potentially criminogenic effects of imprisonment and because 

intermediate sanctions are theoretically more rehabilitative in nature than imprisonment (by 

virtue of the fact that they allow offenders to engage in pro-social activities while under the 

scrutiny of parole authorities), Hypothesis 1 predicts that offenders who have been revoked and 

sentenced to prison as a result of technical non-compliance will be more likely to be charged 

with new criminal conduct following service of their sanction (during a follow-up period of up to 

three years) than offenders subjected to an intermediate sanction (either residential reentry center 

placement or home confinement).   
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 Research Question 1a:  Among offenders who have been sanctioned for technical non-

compliance and do go on to be charged with a new crime following service of their sanction, which 

response to acts of technical non-compliance on the part of offenders under supervision – 

incarceration or the imposition of an intermediate sanction – will be more effective as a specific 

deterrent in terms of extending the time to the new alleged criminal act? 

 Hypothesis 1a:  Among offenders who do go on to be charged with a new crime subsequent 

to the service of their sanction, offenders who have been subjected to intermediate sanctions as 

opposed to imprisonment will have a longer period of time before being allegedly engaging in new 

criminal conduct.  This is owed to the notion that intermediate sanctions have greater rehabilitative 

value than imprisonment. 

 

Research Question 2: Which response to acts of technical non-compliance on the part of 

offenders under supervision – incarceration or the imposition of an intermediate sanction – is 

more effective as a specific deterrent in terms of deterring the commission of subsequent acts of 

technical non-compliance following service of the punishment imposed? 

Hypothesis 2: Again, because it has been suggested that sanction severity is not as 

important as certainty in deterring non-compliant behavior and imprisonment may have 

detrimental effects on future behavior, Hypothesis 2 states that offenders who have been 

subjected to intermediate sanctions as opposed to imprisonment will be less likely to engage in 

new technical non-compliance following service of their sanction.  While both groups consist of 

offenders who have been returned to supervision, the group which has been exposed to 

intermediate sanctions is more likely to have enjoyed greater social bonds, maintained 
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employment, and participated in treatment during the term of their sanction opposed to the group 

which was imprisoned, thereby reducing the potential for subsequent non-compliance. 

  

 Research Question 2a:  This question asks that among offenders who have been sanctioned 

for technical non-compliance and do go on to be charged with new acts of technical non-

compliance following service of their sanctions, which response to technical non-compliance on 

the part of offenders under supervision – incarceration or the imposition of an intermediate 

sanction – will be more effective as a specific deterrent in terms of extending the time to new 

technical non-compliance (as indicated by the filing of a petition alleging new technical non-

compliance)? 

 Hypothesis 2a:  Hypothesis 2a predicts that among offenders who do go on to be charged 

with new acts of technical non-compliance post-sanction, offenders who have been subjected to 

intermediate sanctions as opposed to imprisonment will have a longer time to subsequent alleged 

non-compliance, due to the notion that intermediate sanctions have greater rehabilitative value 

than imprisonment. 

 

 Research Question 3: Which intermediate sanction commonly made available to U.S. 

probation officers for addressing technical non-compliance on the part of offenders under 

supervision – placing them in a residential reentry center or placing them under home 

confinement – will be more effective at averting alleged subsequent technical violations (as 

indicated by the filing of a petition alleging subsequent non-compliance) during service of the 

sanction? 
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Hypothesis 3: It is hypothesized that offenders serving sanctions in residential reentry 

centers will be more likely to be charged with technical violations during service of their 

sanction than offenders serving terms of home confinement.  It is suggested that this will occur 

due to the fact that because the reentry centers are highly-controlled environments which subject 

offenders to a greater number of regulations than the home confinement program, they naturally 

afford more opportunity for rule violations to occur.  Such a finding would be consistent with 

prior research which has found that increased supervision of offenders results in a greater 

number of technical violations being detected (Petersilia & Turner, 1993).     
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CHAPTER THREE: METHODOLOGY 

Overview of Data Collection 

  

 The sampling frame for the proposed study consisted of all offenders under supervision 

in a convenience sample of four federal judicial districts who were charged by their probation 

officer with having committed some violation of supervision between 2006 and 2012.  The U.S. 

Probation Office’s Probation Automated Case Tracking System (PACTS) was queried and from 

this database a list of all such offenders was generated.  The PACTS system contains not only the 

chronological notes on each offender maintained by the probation officer throughout the course 

of supervision, but also imaged copies of court documents such as presentence reports, petitions 

alleging violations of supervised release and probation, judgments of conviction, and other court 

orders.   

Using the list generated from PACTS and a table of random numbers, data were collected 

on three broad groups of offenders: those who engaged in technical violations of supervision 

which were sanctioned with a term of imprisonment, those who engaged in technical violations 

of supervision and were sanctioned with placement in a residential reentry center, and those who 

engaged in terms of supervision and were ordered to serve a term of home confinement.  The 

sample was limited to offenders who completed terms of imprisonment, reentry center placement 

or home confinement imposed as a result of technical violations by December 31, 2012, thereby 

allowing a three-year follow-up period (concluding December 31, 2015) to have elapsed for all 

cases.  This three-year follow-up period was selected to ascertain if the subjects engaged in 

renewed criminal activity or additional technical non-compliance following the completion of 

their respective sanctions.  A follow-up period of three years was chosen because previous 
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research has determined that risk of recidivism declines significantly after three years of arrest-

free behavior and, in fact, nearly two-thirds of all recidivism events occur within the first year of 

supervision (Jackson, 1984; Johnson, 2014; Langan & Levin, 2002).  It was decided to begin 

data collection with the year 2006, as this is approximately when many districts (and, in 

particular, the four sampled) began scanning electronic images of court documents into the 

PACTS database.  Review of these scanned images - instead of relying on review of officers’ 

chronological entries, which are written in narrative form - facilitated the speed of data 

collection.  

Because the federal probation agencies sampled do not possess any software which 

interfaces with PACTS and is capable of drawing out the necessary information, the data were 

collected through a manual review of PACTS and recorded on data sheets constructed by the 

researcher (see Appendix B) before being entered into the appropriate statistical software for 

analysis.  The Temple University Institutional Review Board (IRB) granted approval of the 

proposed data collection and storage methods in February 2016 and renewed approval in 

February 2017 (see Appendix E for IRB approvals). 

 Because it was doubtful than any single federal judicial district would be able to provide 

data on a sufficient number of cases, several districts were asked to allow the researcher access 

to their data.  The federal judicial districts which agreed to allow access to their PACTS 

databases were the District of New Jersey, the District of Massachusetts, the Middle District of 

Pennsylvania, and the Middle District of North Carolina.  The final sample consisted of 1,135 

subjects drawn from the PACTS databases of these districts.5   

                                                           
5 While it is known that the four districts sampled revoked approximately 3,360 offenders during the years 2006 – 

2012, the number of offenders charged with technical violations and subjected to intermediate sanctions is much less 

clear.  This and other limitations of the data set are explored in the Discussion section.  
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Outcome variables 

In order to ascertain the incapacitation and specific deterrent effects of each of the 

possible responses to non-compliance, the study considered two main outcome variables: the 

commission of a new crime both during and subsequent to service of the respective sanction 

imposed and the commission of new technical non-compliance both during and subsequent to 

service of the sanction imposed.   

New criminal activity during and after service of sanction was indicated by the filing of a 

criminal complaint.  In the case of offenders incarcerated for technical non-compliance, the data 

collection pertaining to new criminal activity post-incarceration was limited to those who had 

terms of supervision reimposed following service of their prison sentences.  This was due to the 

fact that difficulties exist in obtaining clearance from the Federal Bureau of Investigation in 

gaining access to its database of nationwide criminal records (Ostermann, 2013), precluding the 

ability to collect arrest data on citizens who are not under supervision.  However, information on 

new arrests is easily available from the PACTS database if the offenders are still under 

supervision at the time of the arrest.  While this constrained my ability to gather information 

about new crimes post-sanction, it also eliminated the threat to validity which would otherwise 

be present if data were collected on the subsequent offending behavior of some individuals who 

were returned to supervision and on others who were not.   

The data pertaining to the commission of new technical non-compliance during and after 

service of a sanction were gleaned from the PACTS database and indicated by whether or not the 

offender’s probation officer filed any additional petitions alleging one or more technical 

violations of supervision with the Court.  Data on violations alleged to have occurred subsequent 



38 
 

to the service of the sanction imposed were necessarily limited to those offenders who had 

supervision continued/reimposed following sanctioning. 

 

Descriptive statistics 

 Table 2 presents descriptive statistics for the districts participating in the study and the 

population under federal supervision nationally as of September 15, 2015.  Due to limitations in 

the available data, these data are for the general population under supervision and not simply 

subjects charged with supervision violations or those found in the study sample.  Because data 

are not available which describe the types of sanctions employed across judicial districts in 

response to acts of technical non-compliance, information on specific sanctions is not provided. 
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Table 2. Descriptive statistics for subjects in the general supervision population in districts 

sampled and under supervision in all federal judicial districts as of September 15, 2015. 

 

 District 
of  

New 
Jersey 

District 
of  

Mass. 

Middle 
District 

of Penn. 

Middle 
District of 

North 
Carolina 

Mean of 
Districts in 
sampling 

frame 

Mean of all federal 
judicial districts 

nationally 

        
Offender age       
  % Below age 21 .3 .1 0 .3 .2 .4 
  % Age 21 – 30 12.7 18.4 13.6 15.3 15.0 17.2 
  % Age 31 - 40 30.1 33.8 31.0 36.9 33.0 33.5 
  % Age 41 and up 56.5 47.6 55.1 47.2 52.0 48.6 
 
Offender gender 

      

  % Male 87.0 88.9 83.4 88.0 86.8 82.0 
  % Female 12.6 11.0 16.3 11.8 13.0 17.8 
 
Offender race 

      

  % Black 38.9 32.4 28.0 34.4 33.4 36.7 
  % White/Other  54.2 67.6 72.5 65.6 66.6 63.3 
       
Employment status 
at violation disposition  

      

  % Employed 70.8 72.5 69.5 68.7 70.4 71.3 
         
Type of Supervision       
  % Supervised Release 73.2 89.5 83.4 87.0 83.3 84.4 
  % Probation 19.8 9.3 15.4 11.3 14.0 14.0 
       
Offense of conviction       
  % Drugs 36.7 50.6 46.4 45.0 44.7 48.1 
  % Violence 8.4 7.2 10.4 8.0 8.4 5.8 
  % Weapons 10.5 12.9 8.4 26.1 14.5 12.3 
  % Fraud/Finance 28.8 18.2 23.4 12.4 20.7 20.9 
  % Other 15.7 11.1 11.3 8.5 11.7 12.8 
       
Average RPI score  3.2 4.1 3.4 4.4 3.8 3.7 
 
% of supervision cases 
terminated which 
were closed by way of 
revocation 

 
 
 

17.4 

 
 
 

27.7 

 
 
 

21.8 

 
 
 

32.8 

 
 
 

25.0 

 
 
 

27.9 

 
% of revocations based 
on technical non-
compliance  

 
 

47.8 

 
 

73.2 

 
 

64.5 

 
 

37.1 

 
 

55.7 

 
 

63.6 
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Propensity Score Matching to Create Comparison Groups 

Once the data were collected on the 1,135 cases sampled, matched groups were 

constructed to allow for assorted comparisons between the three different treatments (offenders 

who had their supervision revoked and were incarcerated as a result of technical non-compliance, 

offenders who were subjected to reentry center placement as a result of technical non-

compliance, and offenders who were placed on home confinement as a result of technical non-

compliance).  Construction of these matched groups allowed inferences to be made about how 

the assorted treatments differed in their effects on the outcomes of interest.  Table 3 provides a 

summary of the research questions, relevant groups, and outcomes of interest.  
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Table 3.  Comparison groups constructed and outcomes of interest.  

 

Research Question No. 
and outcome  

Dependent 
variable 

“Treated” group “Untreated” group 

1. New crimes 
following service of 
sanction 

Offender  
charged with new 
crime, post-
sanction 

Offenders revoked and 
committed to prison 
who had supervision 
reimposed 

Offenders placed on 
intermediate sanction (either 
home confinement or reentry 
center placement) as added 
condition of continued 
supervision 

1a. Length of time to 
new crime following 
service of sanction 

Time to date of 
alleged new 
crime,  
post-sanction  
(in months) 

Offenders revoked and 
committed to prison 
and who had 
supervision reimposed 
and were charged with 
new crimes while under 
reimposed supervision 

Offenders placed on 
intermediate sanction (either 
home confinement or reentry 
center placement) who 
successfully completed their 
sanction and were charged  
with new crimes while under 
continued supervision 

2. Subsequent act of 
technical non-
compliance following 
service of the sanction 
imposed? 

Filing of petition 
alleging new 
technical non-
compliance, post-
sanction 

Offenders revoked and 
committed to prison 
and who had 
supervision reimposed 

Offenders placed on 
intermediate sanction (either 
home confinement or reentry 
center placement) who 
successfully completed their 
sanction and were continued 
under supervision 

2a. Length of time to 
new technical non-
compliance following 
service of sanction 
imposed 
 

Time to date of 
alleged new non-
compliance,  
post-sanction 
(in months) 

Offenders revoked and 
committed to prison 
and who had 
supervision reimposed 
and were charged with 
subsequent technical 
violations 

Offenders placed on 
intermediate sanction (either 
home confinement or reentry 
center placement) who 
successfully completed their 
sanction and were charged 
with subsequent technical 
violations 

3. Subsequent acts of 
technical non-
compliance during 
service of intermediate 
sanction? 

Filing of petition 
alleging new 
technical non-
compliance 
during service of 
sanction 

Offenders directed to 
complete term of 
reentry center 
placement  

Offenders directed to complete 
term of home confinement 
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 Propensity score matching was used to construct these matched groups and the 

calculation of the propensity scores and matching was done using the open-source software R 

and its associated add-on packages (Ho et al., 2011).  Propensity score matching is a technique 

which attempts to address concerns about selection bias inherent in quasi-experiments.  It does 

so by approximating the conditions of a true experiment by developing “synthetic” treatment and 

control groups comprised of subjects who are matched on a variety of potentially confounding 

variables that may be associated with the outcome variable of interest.  The propensity score is 

the conditional probability of receiving the treatment, given this set of observed covariates 

(Rosenbaum, 1987).  Once calculated, subjects are matched on propensity scores so that 

comparable treatment and control groups can be constructed.  Researchers can then proceed with 

performing traditional parametric analyses for causal inference (Ho et al., 2011).  

 There are several advantages to using propensity score matching rather than simply using 

ordinary least squares regression to control for confounding variables and then making 

inferences about treatment effects.  For one, propensity score matching results in the reduction of 

dimensions across covariates in that it produces a one-dimensional score on which subjects are 

matched (Guo & Fraser, 2010).  Additionally, Drake (1993) has suggested that an advantage of 

using propensity scores over models based on regression techniques is that the former approach 

is more robust with regard to model specification.  Finally, when making use of propensity 

scores, researchers are able to determine for which subjects in the “treatment” group no 

comparable matched “controls” are available.  Thus, with propensity score-based procedures, the 

boundaries of the population to which the effect estimates pertain are easily visible, whereas in 

regression-based methods this remains unclear.  Because of its usefulness in studying treatment 

effects when the construction of randomized groups is not possible, the technique of matching on 
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propensity scores has been used in several prior studies of the effectiveness of criminal justice 

interventions (Nagin, Cullen & Johnson, 2009).   

  Indeed, the course of supervision is fluid and offenders may take any one of several 

different paths to eventual completion or revocation.  Many offenders will complete their terms 

without incident.  Others will incur violations (either technical or for the commission of new 

crimes) but will go on to complete supervision after having been subjected to some form of 

intermediate sanction.  Still others will have supervision revoked and be recommitted to prison.  

Of those, some will have supervision reimposed and have to start anew following completion of 

their prison terms.  In other cases, no additional term of supervision will follow.  Regardless, the 

specific judicial response to any particular act of non-compliance is hardly stochastic.  Because 

offenders are not randomly assigned to sanctions (here, the treatment conditions of 

imprisonment, home confinement or reentry center placement), there is significant concern for 

selection bias.  Propensity score matching is an effective way of addressing such bias.     

 Leite (2017) has outlined several steps in propensity score analysis, each of which are 

discussed in further detail below: 

 1. Data preparation 

 2. Propensity score estimation 

 3. Propensity score method implementation 

 4. Covariate balance evaluation 

 5. Treatment effect estimation 

 6. Sensitivity analysis 
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 1. Data preparation 

The first step in propensity score analysis is to prepare the dataset for matching.  This 

includes selecting covariates, addressing missing data, and conducting other preliminary 

analyses.   

Construction of the propensity score begins with developing a list of covariates that are 

antecedents – and not consequences – of the treatment of interest.  However, “true confounders” 

should also be included in the model; a true confounder is a covariate that has a direct effect on 

the probability of treatment assignment as well as a direct effect on the outcome.  According to 

Brookhart et al. (2006), omitting these variables may potentially result in biased treatment effect 

estimates.   

When comparing criminal justice interventions, the list of possible covariates and true 

confounders is virtually endless.  Nagin, Cullen and Johnson (2009), however, have suggested 

that two particular justice-related variables (criminal history and type of offense of conviction) 

should definitely be accounted for, as well as three important demographic variables (age, race, 

and gender).  The covariates used in the present study included district of supervision, type of 

supervision (i.e., probation or supervised release), level of risk presented by the offender, 

criminal history prior to predicate federal conviction, type of offense of predicate conviction, 

number of alleged technical violations, whether or not the Court was notified of prior non-

compliance on the part of the offender being sanctioned, whether or not the technical non-

compliance included allegations of drugs use, and the age, race, gender, and employment status 

of each offender at time of disposition of the alleged violation.  Brief discussion of the 

theoretical basis for considering inclusion of each of these covariates as well as the operational 

definition for each of them follows.   
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 Age.  Offender age was included as a covariate and treated as a continuous variable in 

terms of number of years at time of legal disposition of technical violation.  

 Race.  A substantial amount of prior research has suggested that offender race may play a 

role in a wide variety of criminal justice decisions, ranging from the police decisions to stop and 

question people (Alpert, MacDonald & Dunham, 2005; Powell, 1990), whether or not make an 

arrest (Smith & Visher, 1981; Smith & Davidson, 1984), and whether or not to employ the use of 

force (Alpert & Dunham, 2004).  With regard to sentencing decisions, some research has 

concluded that judges are more likely to sentence black and Hispanic offenders to lengthier 

prison terms than white offenders (Bridges & Steen, 1998; Zatz, 2000; Pizzi, Blair & Judd, 

2005).  Additionally, Huebner and Bynum (2008) found that black inmates were likely to serve 

longer prison terms before being granted parole.   

 Gender.  Previous research has suggested that female parolees are less likely to engage 

in supervision violations than males but are more likely to have their supervision revoked when 

violations do occur (Huebner & Pleggenkuhle, 2013). To control for possible selection bias on 

the basis of sex, gender was included as a covariate with male serving as the reference category.

 Employment.  Employment status was also included as a covariate and treated as a 

discrete dichotomous variable.  Offenders were classified as employed if they held employment 

at the time of adjudication of the technical violation filed against them or unemployed if they did 

not.  Employment status was included as a covariate because it may be that judges are less likely 

to imprison offenders who have committed technical violations of supervision if they are 

employed, choosing instead to either place these offenders on home confinement or in reentry 

centers.  Additionally, because it has been suggested that holding employment may reduce one’s 

risk for continued criminal activity and other supervision violations, it may be important to 
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include employment status as a covariate to disentangle its potential influence on subsequent 

non-compliant behavior from that of the sanctioning device.   

 District of supervision.  So as to control for possible effects of clustering, recorded for 

each case was the district of supervision (New Jersey, Massachusetts, Middle Pennsylvania, or 

Middle North Carolina).  The District of New Jersey was used as the reference category. 

 Type of supervision.  Type of supervision consisted of whether the offender was serving 

a term of supervised release (coded 1) or probation (coded 0).  Some prior research has 

suggested that offenders serving terms of federal supervised release or parole are more likely to 

engage in violative conduct than probationers and are more likely to be treated more harshly by 

judges when being sanctioned for supervision violations (Petersilia et al., 1985).   

 Level of risk. The federal probation system makes use of a risk prediction instrument 

known as the Risk Prediction Index (RPI), which was adopted for use in 1997 (Lombard & 

Hooper, 1998).  The RPI contains eight questions (these include number of arrests prior to the 

instant federal conviction, whether or not a weapon was used in the commission of the instant 

federal crime, offender age at commencement of supervision, whether or not the offender has a 

college degree, previously absconded from a term of supervision, has any history of illicit 

substance use, was employed at commencement of supervision, and resided with a spouse or 

child at the start of supervision).  The RPI is scored only once; when an offender begins a term of 

supervised release or probation.  Upon calculation, the RPI produces a score ranging from 0 

(indicating least risk) to 9 (indicating highest level of risk).  Research conducted by the 

Administrative Office of the U.S. Courts has validated the RPI as a predictive instrument (Eaglin 

et al., 1997).  If they are privy to RPI scores, judges may be more inclined to revoke the 
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supervision of offenders who have engaged in technical non-compliance and present higher RPI 

scores than those with lower RPI scores.   

 Prior criminal history.  Prior research suggests that judges may be more likely to 

impose a prison sentence on individuals who have more extensive prior criminal records 

(Mitchell, 2005; Spohn, 2000; Vigorita, 2003).  For each offender, criminal history was indicated 

by his Criminal History Category (CHC) as found by the Court at time of sentencing which 

resulted in the term of supervision.  The CHC ranges from I to VI (with I signifying the most 

minimal of prior criminal records and VI signifying the most extensive of prior records) and is 

contained in the standard federal presentence report prepared by probation officers and made 

available to the Court in advance of each criminal sentencing hearing.6   

The present study uses CHC as an indicator of prior record instead of the alternative 

measure of simply counting the number of prior arrests and/or convictions in an offender’s 

background for several reasons.  For one, by virtue of its design, the CHC takes into account not 

only the length of an individual’s prior offending history but also the seriousness of the crimes 

committed as well as some consideration of how recent those crimes have been.  Additionally, 

because of the role it plays in the calculation of federal sentencing guidelines, judges are more 

likely to consider an offender’s CHC instead of some other measure of the extent of his/her prior 

record.  

 

                                                           
6 The rules for calculating the Criminal History Category are outlined in the Federal Sentencing Guidelines and 

dictate that probation officers assign a certain number of points to an offender based upon the number and type of 

prior criminal convictions and the time frame during which they were incurred.  Taken in combination with a score 

assessing the seriousness of the instant offense of conviction, the Criminal History Category provides the Court with 

a recommended range of imprisonment to be imposed at sentencing. 
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 Type of offense of conviction.  For each subject in the study, a categorization of the type 

of offense of conviction resulting in the current term of supervision was also included.  It is 

suggested that inclusion of this variable may be important given that previous work (Gottfredson 

& Gottfredson, 1980; Spohn, 2009) have found that, along with prior criminal history, the nature 

of the instant offense is one of the most important things considered by judges when imposing 

sentences.  As such, offenders who have violated the terms of supervision imposed as a result of 

offenses generally considered to be more serious in nature may be treated differently than 

offenders who have violated terms of supervision resulting from convictions for other, less 

serious crimes.  The offense categories used in the proposed study are Drug (the reference 

category), Fraud/Finance, Weapons, Violence, and Other. 

 Number of technical violations charged.  Included as a covariate was a count of the 

number of technical violations charged in the petition alleging non-compliance under 

probation/supervised release.  This is included to account for the possibility that judges may 

view offenders charged with a greater number of violations as being more deserving of a prison 

term as opposed to an intermediate sanction in response to their alleged violative conduct.   

 Drug use as basis for supervision violation.  Included as a covariate was a dichotomous 

variable of whether or not the charged technical supervision violation(s) included one or more 

allegations of drug use (0 = violation petition does not include allegation of drug use; 1 = 

violation petition does include allegation of drug use).  This variable was included because 

previous research suggests that whether or not a convicted person has a history of substance 

abuse may affect criminal justice decisions in different ways.  As Spohn et al. (2014) have 

pointed out, judges may hold different views of substance abuse.  Spohn and Belenko (2013) 

have explained, “sentencing theories (especially focal-concerns theory) suggest that information 
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about an offender, and his or her potential for reform or rehabilitation, is likely to be an 

important factor in case processing and sentencing decisions” (p. 650).  On one hand, some 

jurists may view drug use as a medical problem which demands treatment (and, as such, may be 

more inclined to treat drug-abusing offenders more leniently).  On the other hand, some judges 

may view drug use as a behavioral or moral problem and may see drug-using offenders as able to 

stop their use but unwilling to do so, and therefore more culpable for their actions and more 

deserving of punishment.  

 Presence of previous notifications to the Court.  Finally, included as a covariate was 

whether or not the Court was notified of earlier episodes of non-compliance on the part of the 

offender under supervision before the filing of the violation petition which requested and 

resulted in Court action.  Federal probation officers may file reports with the Court which serve 

to notify the Court of technical non-compliance and simply serve as written “warnings” to the 

offender but request no particular court action.  It is possible that the Court may be inclined to 

punish more severely (i.e., incarcerate) offenders who have been previously cautioned with 

regard to non-compliance compared to those who have not previously been served with written 

warnings, thereby introducing selection bias.  For each offender in the sample, a code of 0 

indicated that there was no prior notification to the Court; a code of 1 indicated that there was at 

least one prior written warning issued.    

For each subject in the study, data were also collected on the outcome variables - whether 

or not the subject was charged with a new crime or an additional alleged act of technical non-

compliance during and after the service of the particular sanction to which he was subjected and, 

if so, the length of time it took for the new alleged new crime or technical non-compliance to 

occur.   
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 A complete list of the variables used in the proposed study and their sources is found in 

Table 4.  Table 5 contains statistics on the covariates for the study sample.  Additionally, specific 

information pertaining to coding may be found in the codebook, located at Appendix C. 

 

Table 4.  List of variables used in study and their sources. 

Variable 
 

Source 

District of supervision PACTS database 

Age Presentence report 

Race Presentence report 

Gender Presentence report 

Employment status at disposition of violation PACTS database 

Type of supervision PACTS database 

Offender risk level (RPI score) PACTS database 

Criminal History Category (CHC) Statement of Reasons found in PACTS database 

Type of offense of predicate conviction Presentence report 

Number of alleged counts of technical non-
compliance 

Charging petition found in court docket 

Drug use as basis for violation? Charging petition found in court docket 

Presence of previous notifications to the Court PACTS database 

Sanction imposed as result of  technical 
violation(s) 

Judgment found in PACTS database 

Number of days sanctioned  Judgment found in PACTS database 

Supervision continued/reimposed following 
sanction? 

Judgment found in PACTS database 

Length of supervision following sanction, if any 
(up to 3 years) 

Judgment found in PACTS database 

New crime during service of sanction? PACTS database 

Number of months to new crime during service 
of sanction, if any 

PACTS database 

New crime following service of sanction? PACTS database 

Number of months to new crime following 
service of sanction, if any 

PACTS database 

New technical non-compliance during service 
of sanction? 

PACTS database 

Number of months to new technical non-
compliance  during service of sanction, if any 

PACTS database 

New technical non-compliance following 
service of sanction? 

PACTS database 

Number of months to new technical non-
compliance following service of sanction, if any 

PACTS database 

Reimposed/continued supervision completed 
successfully? 

PACTS database 
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Table 5. Descriptive statistics for subjects in the sample (n = 1,135; continued on next page). 

 

 District of  
New Jersey 

(n = 289) 

District of  
Mass. 

(n = 234) 

Middle District 
of Penn. 
(n = 374) 

Middle 
District of 

North 
Carolina 
(n = 238) 

Entire 
Sample 

(n = 1,135) 

       
Offender age (�̅�, SD) 36.7 (9.32) 33.8 (7.12) 36.5 (9.07) 36.2 (8.44) 36.0 (8.71) 
      
Offender gender      
  % Male (n) 78.2 (226) 94.9 (222) 85.0 (318) 85.3 (203) 85.4 (969) 
  % Female (n) 21.8 (63)  5.1 (12) 15.0 (56) 14.7 (35) 14.6 (166) 
 
Offender race 

     

  % Black (n) 54.7 (158) 74.4 (174) 37.4 (140) 65.1 (154) 55.2 (624) 
  % White/Other (n)  45.3 (131) 25.6 (60) 62.6 (234) 34.9 (84) 44.8 (511) 
      
Employment status 
at violation disposition  

     

  % Employed (n) 32.2 (93) 25.6 (60) 33.4 (125) 32.4 (77) 31.3 (355) 
  % Unemployed (n) 67.8 (196) 74.4 (174) 66.6 (249) 67.6 (161) 68.7 (780) 
      
Type of Supervision      
  % Supervised Release (n) 82.4 (238) 94.9 (222) 88.0 (329) 92.9 (221) 89.0 (1010) 
  % Probation (n) 17.6 (51) 5.1 (12) 12.0 (45) 7.1 (17) 11.0 (125) 
      
RPI score (�̅�, SD) 5.0 (2.54) 7.0 (1.68) 4.9 (2.22) 5.0 (2.45) 5.0 (2.39) 
      
CHC (�̅�, SD) 3.0 (1.70) 3.3 (1.64) 3.0 (1.59) 3.8 (1.58) 3.2 (1.65) 
      
Offense of conviction      
  % Drugs (n) 32.9 (95) 53.8 (126) 62.9 (232) 42.0 (100) 48.9 (553) 
  % Violence (n) 8.3 (24) 5.1 (12) 4.9 (18) 14.3 (34) 7.8 (88) 
  % Weapons (n) 16.6 (48) 28.2 (66) 9.5 (35) 29.0 (69) 19.3 (218) 
  % Fraud/Finance (n) 31.8 (92) 10.3 (24) 19.5 (72) 9.7 (23) 18.7 (211) 
  % Other (n) 10.4 (30) 2.6 (6) 3.3 (12) 5.0 (12) 5.3 (60) 
      
Number of charged 
violations (�̅�, SD) 

 
3.5 (2.26) 

 
3.2 (2.27) 

 
2.6 (1.84) 

 
2.2 (1.38) 

 
2.9 (2.03) 

      
Violation includes 
allegation of drug use 

     

  % Yes (n) 63.3 (183) 69.2 (162) 84.2 (315) 73.5 (175) 73.6 (835) 
  % No (n) 36.7 (106) 30.8 (72) 15.8 (59) 26.5 (63) 26.4 (300) 
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Table 5 (cont’d). Descriptive statistics for subjects in the sample (n = 1,135). 

 

 District of  
New Jersey 

(n = 289) 

District of  
Mass. 

(n = 234) 

Middle 
District of 

Penn. 
(n = 374) 

Middle 
District of 

North 
Carolina 
(n = 238) 

Entire Sample 
(n = 1,135) 

      
Prior Court notification      
  % Yes (n) 35.3 (102) 38.5 (90) 45.5 (170) 41.6 (99) 40.6 (461) 
  % No (n) 64.7 (187) 61.5 (144) 54.5 (204) 58.4 (139) 59.4 (674) 
      
Sanction imposed      
  % Revoked (n) 83.0 (240) 33.3 (78) 37.2 (139) 22.3 (53) 44.9 (510) 
  % RRC (n) 9.7 (28) 17.9 (42) 5.9 (22) 34.9 (83) 15.4 (175) 
  % Home confinement (n) 7.3 (21) 48.7 (114) 57.0 (213) 42.9 (102) 39.6 (450) 
       

 

 Once constructed, the dataset was analyzed for missing data.  Encountering missing data 

is, after all, in the words of Ho (2014), “part and parcel of data analysis” (pg. 23).  If only a few 

data points (less than 5%) are missing in a random pattern from a large set of data, there may be 

little cause for concern (Tabachnick & Fidell, 2001).  Otherwise, results may be biased. 

According to Little & Rubin (2002), data may be either missing completely at random 

(MCAR) or missing at random (MAR).  Data that are MCAR are missing independent of all 

other variables.  When data are MAR, the missingness is related to other variables in the dataset.   

   Little’s (1988) test for missing data utilizing an expectation maximization technique, 

available in the SPSS software package, was employed to determine the nature of missing data in 

the sample.  Little’s test was significant, suggesting that the data were MAR and the amount of 

missing data may be problematic (x2(8) = 31.79, p < .001).  Examination revealed that the RPI 

score covariate was missing in 21.9 percent (n = 249) of the cases.  No other variable was 
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missing data in more than .7 percent of the cases in the sample (Criminal History Category).7  

Additional analysis revealed that the missing RPI scores were almost entirely located in the 

District of Massachusetts, which was missing RPI scores for all but 18 of its 234 cases in the 

sample.  Removing the RPI score covariate from Little’s test had the effect of producing non-

significant results. 

 A correlation matrix was constructed to assess the strength of the relationships between 

the covariates.  A moderately strong positive correlation was found to exist between RPI score 

and Criminal History Category (r = .443, n = 1,135, p = .000).  Given this multicollinearity, and 

the fact that RPI scores are not reported to the Court in petitions alleging supervision violations 

(thereby not likely influencing judges’ sentencing decisions), the decision was made to omit the 

RPI score from the analyses contained herein. 

 Various methods exist for dealing with missing data, including listwise deletion, mean 

substitution, and multiple imputation.  Listwise deletion – limiting the analysis to completely-

observed cases, has frequently been criticized for resulting in loss of power and potentially 

biased results (Little & Rubin, 2002; Leite, 2017).  Because so few cases were missing data 

following removal of RPI score from the dataset, the decision to utilized listwise deletion may 

have been justified.  Nonetheless, so as to preserve as many cases as possible for matching, 

missing data were imputed via the SPSS procedure for multiple imputation, with the resulting 

pooled data set used for all analyses.      

                                                           
7 The fact that so little data were missing is not surprising.  All of the covariates in this study are recorded in court 

records such as the Judgment of Conviction, Statement of Reasons, and federal presentence report.  For obvious 

legal reasons, it is crucial that these records are complete and as accurate as possible.  The only exception is the RPI 

score.  Not contained in any legal document maintained by the Court, the RPI score is calculated by the probation 

office and recorded only in the PACTS database, where it may be viewed by probation officials and utilized in case 

planning. 
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 Given the nested quality of the data in this study (individual subjects within federal 

judicial districts), several analyses were conducted to determine if special treatments needed to 

be applied with regard to propensity score matching.  In most statistical operations, the use of 

multilevel models is recommended with nested data because failing to do so could result in a 

violation of the assumptions of local independence (Wodahl, Boman & Garland, 2015).  

Moreoever, the use of multilevel data has specific implications for propensity score matching 

(Leite et al., 2015; Li, Zaslansky & Landrum, 2013).  In multilevel research designs in which 

treatment assignment is at the individual level, for example, the propensity score model should 

account for both individual-level as well as higher-order confounders (Leite et al., 2015; Li, 

Zaslansky & Landrum, 2013; Thoemmes & West, 2011).    

An initial analysis examining the multi-level nature of the dataset was conducted using  

logistic regression.  Logistic regression is the appropriate technique when the dependent variable 

is dichotomous (Mendenhall & Sincich, 2003) and much prior research has used the method to 

study the factors which influence criminal recidivism.  The results of this preliminary analysis 

(presented in Table 6) reveal some key findings. 

 Of note, offender age, employment status, type of supervision, criminal history category, 

nature of predicate conviction, and whether or not the Court had been notified of prior violations 

were all found to have a significant effect on whether or not the offender’s supervision was 

revoked for technical non-compliance.  More importantly, though, the regression analysis 

indicated that district of supervision is important in the revocation decision, with the judicial 

districts of Massachusetts, Middle Pennsylvania and Middle North Carolina all less likely to 

order revocation for technical violations than the reference category, the District of New Jersey.  

 



55 
 

Table 6. Logistic regression model predicting whether or not an offender will be revoked for 

technical violation of supervision.  
  

Covariate β 
 
 

SE 
 

95% CI for Odds Ratio 
 

  Lower          OR               Upper 

      
Age .015 .009 1.005 1.015 1.033 
Gender (0 = Female) -.044 .236 .651 .957 1.521 
Race (0 = Black) -.219 .162 .587 .803 1.103 
Employed (0 = No) -1.165*** .179 .220 .312 .443 
Type Supervision  
    (0 = Probation) 

 
.636* 

 
.285 

 
1.081 

 
1.889 

 
3.303 

Criminal History Category .216*** .049 1.129 1.241 1.365 
Offense of Conviction (0 = Drug)    
    Weapons 1.001*** .212 1.797 2.721 4.120 
    Violence -.533 .335 .304 .587 1.131 
    Theft/Fraud  .333 .232 .886 1.395 2.197 
    Other 1.168** .440 1.359 3.216 7.614 
Number of Violations .187*** .045 1.127 1.230 1.343 
Drug Use Violation (0 = No) .146 .188 .801 1.157 1.672 
Prior Court Notification (0 = No) .975*** .169 1.905 2.652 3.691 
District (0 = New Jersey)    
  Massachusetts -2.954*** .260 .031 .052 .087 
  Middle Pennsylvania -2.494*** .237 .052 .083 .131 
  Middle North Carolina -3.515*** .284 .017 .030 .052 
      
Constant -.713 .552  .490  
      

 
Note: R2 =.35 (Cox & Snell), .47 (Nagelkerke), Model x2 = 20.503, p < .01 
* p < .05, ** p < .01, *** p < .001 
 
 

To explore this further, analyses were conducted to determine if the intercept and/or 

slopes vary across judicial districts with regard to the revocation decision.  Using the procedure 

outlined by Heck, Thomas & Tabata (2012), a null model, absent any predictors, was constructed 

using the GENLINMIXED command in SPSS.  The resulting z-test (z = 1.206, p = .228) 

suggested no statistically significant variability in intercepts across judicial districts.  

A second model was constructed; this one to ascertain the effects of the assorted 

predictors across the four judicial districts.  This fixed effects model is reported in Table 7.  The 
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analysis suggests that employed offenders are approximately 70 percent less likely to have their 

supervision revoked for technical non-compliance, controlling for all other covariates.  Each 

additional increase in Criminal History Category resulted in an offender being 25 percent more 

likely to be revoked than not and each additional alleged violation resulted in an offender being 

21 percent more likely to be revoked than not.  Offenders who had previously been brought to 

the attention of the Court for alleged non-compliance were more than twice as likely to have 

their supervision revoked than offenders who had not previously been the subject of any court 

notification, controlling for all other covariates.  Again, the resulting z-test (z = 1.207, p = .227) 

suggested no statistically significant variability in intercepts across judicial districts.  
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Table 7. Multilevel model predicting revocation of supervision (fixed effects across judicial 

districts and varying intercept).   
 

Covariate β 
 
 

SE 
 

 95% CI for Odds Ratio 
 
   Lower          Odds Ratio            Upper 

       
Age .021* .009  1.004 1.021 1.040 
Gender (0 = Female) .008 .009  .636 1.008 1.598 
Race (0 = Black) -.234 .161  .577 .791 1.086 
Employed (0 = No) -1.174*** .177  .219 .309 .437 
Type Supervision  
    (0 = Probation) 

 
.651* 

 
.286 

  
1.094 

 
1.918 

 
3.362 

Criminal History Category .229*** .049  1.142 1.257 1.383 
Offense of Conviction  
   (0 = Drug) 

 
 

     

    Weapons 1.125*** .211  2.035 3.079 4.659 
    Violence -.597 .325  .291 .550 1.041 
    Theft/Fraud  .362 .231  .913 1.437 2.261 
    Other 1.111* .430  1.305 3.037 7.068 
Number of Violations .191*** .041  1.116 1.210 1.312 
Drug Use Violation (0 = No) .228 .187  .870 1.257 1.814 
Prior Court Notification  
   (0 = No) 

 
.804*** 

 
.168 

  
1.607 

 
2.234 

 
3.105 

       
Intercept -.259 .779  .167 .772 3.561 
       

 
* p < .05, ** p < .01, *** p < .001 
 
 

 Finally, a multilevel model which permitted the slopes of the predictors to vary across 

districts was constructed, and it is presented in Table 8.  In this model, individual-level predictors 

were group-mean centered, more effectively controlling for between-district, individual-level 

compositional differences (Raudenbush & Bryk, 2002).  The key finding of this analysis is that 

because slopes of the predictors did not vary across judicial districts, there are no multilevel 

considerations with regard to propensity score matching (Heck, Thomas & Tabata, 2012).. 
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Table 8. Multilevel model predicting revocation of supervision (varying slopes across districts).   
 

Covariate β 
 
 

SE 
 

 95% CI for Odds Ratio 
 
            Lower                                  Upper 

      
Age .005 .004  .001  .024 
Gender (0 = Female) 1.062 1.066  .149  7.598 
Race (0 = Black) 1.390 1.128  .283  6.818 
Employed (0 = No) 2.940 2.229  .666  12.988 
Type Supervision  
    (0 = Probation) 

 
5.483 

 
6.039 

  
.633 

  
47.474 

Criminal History Category .117 .096  .024  .582 
Offense of Conviction  
   (0 = Drug) 

     

    Weapons 2.724 2.505  .449  16.522 
    Violence 8.953 8.400  1.423  56.307 
    Theft/Fraud  .443 .856  .010  19.608 
    Other 1.692 2.979  .054  53.339 
Number of Violations .036 .032  .007  .202 
Drug Use Violation (0 = No) 2.003 1.620  .410  9.773 
Prior Court Notification  
   (0 = No) 

 
1.358 

 
1.056 

  
.296 

 6.234 

       
Intercept 3.059 2.229  .733  12.760 
      

 
* p < .05, ** p < .01, *** p < .001 
 

   

 2. Propensity score estimation 

 Once a list of covariates was constructed, the question of missing data addressed, and the 

multilevel quality of the data considered, the next step in the study was to estimate the propensity 

score.  An assortment of methods are available for this purpose, including logistic regression, 

probit regression and data mining methods (Westreich, Lessler & Funk, 2010).  Propensity score 

matching most commonly makes use of a logistic regression analysis in which the outcome is 

whether any given subject received or did not receive the intervention under study (Guo & 

Fraser, 2010).  Leite (2017) offers some suggestions for estimating the success of the chosen 
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method.  These include ensuring that the estimation method converged and none of the 

propensity scores are either 0 or 1.  For each of the research questions, logistic regression was 

used to estimate propensity scores, the data converged, and no propensity scores were calculated 

as being 0 or 1.  

 

3. Propensity score method implementation 

 The third step in propensity score analysis is to match “treated” subjects to controls with 

identical (or similar) propensity scores.  From the sample of 1,135 subjects, matched groups 

were constructed to allow for the analysis of each of the research questions.  There are several 

different approaches to propensity score matching, including (but not limited to) nearest 

neighbor matching, nearest neighbor matching within caliper, optimal matching, and genetic 

matching.  Each of these matching techniques was employed for the purpose of constructing the 

groups of comparison so as to determine which approach results in the most closely-matched 

groups (as determined by a series of procedures used to determine covariate balance post-

matching). 

 In nearest neighbor matching, each “treated” subject is matched to an “untreated” subject 

with the closest propensity score (Smith & Todd, 2005).  This technique permits each subject in 

the treatment group to be matched to a subject in the control group but may result in a lack of 

common support across cases, as some matches may be of poor quality. 

 A common technique employed in nearest neighbor matching is to limit the maximum 

difference in propensity scores between treated and untreated subjects by using a predefined 

caliper.  Thus, a given treated subject is matched to an untreated subject, but only one whose 

propensity score is closest to that of the treated subject, provided the differences in their 
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propensity scores are less than a specified maximum (the caliper).  The caliper is the standard 

deviation of the propensity scores; a caliper of .25 is the convention suggested by Rosenbaum 

and Rosenbaum (1985).  This technique of nearest neighbor matching within caliper improves 

the quality of matches, but has the disadvantage of potentially resulting in incomplete matching.  

This occurs when some treated subjects are excluded from the analysis because they could not be 

matched to untreated subjects within the specified caliper (Austin, 2011). 

 Rosenbaum (1989) has proposed optimal matching as a solution to the problem of 

incomplete matching.  Optimal matching results in pairs of matched treated and untreated 

subjects in such a way that the total within-pair difference in propensity score is minimized.  The 

disadvantage of optimal matching is that it may result in the matching of dissimilar subjects, and 

thus contaminate the estimated treatment effect by introducing residual confounding (Austin, 

2014).  In R, optimal matching may be performed using the optmatch package (Hansen, 2007).    

 Genetic matching is yet another form of propensity score matching.  Genetic matching, in 

the words of Leite (2017), “minimizes a multivariate weighted distance on covariates between 

treated and untreated cases, where a genetic algorithm is used to choose weights that optimize 

postmatching covariate balance” (p. 93).  A particular strength of genetic matching is that it 

searches for matches that optimize covariate balance (Diamond & Sekhon, 2013; Sekhon, 2011). 

   

 4. Covariate balance evaluation 

 Once subjects are matched, balance diagnostics should be undertaken to ensure that the 

matched groups are comparable on the variables of interest.  Various methods exist for doing so; 

examination of standardized mean differences is one commonly-used technique to compare 
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characteristics of the resulting matched treated and untreated subjects (Austin, 2009; Leite, 

2017).   

 Austin (2009) recommends use of the following formula to calculate standardized mean 

differences.  For continuous variables, the standardized difference is determined by the following 

operation: 

𝑑 =
(�̅�treatment − �̅�control)

√𝑠treatment
2 + 𝑠control

2

2

 

 

where �̅�treatment and �̅�control denote the sample mean of the covariate in treated and untreated 

subjects, respectively, and 𝑠treatment
2  and 𝑠control

2  represent the sample variance of the covariate 

in treated and untreated subjects, respectively.  For dichotomous variables, the standardized 

difference is defined as: 

 

𝑑 =
(�̂�treatment − �̂�control)

√�̂�treatment(1 −  �̂�treatment)  +  �̂�control(1 −  �̂�control)
2

 

 

where �̂�treatment and �̂�control denote the prevalence or mean of the dichotomous variable in treated 

and untreated subjects, respectively.  A stringent criterion for identifying adequate covariate 

balance based on standardized mean differences between matched groups is that their absolute 

value should be below .1 standard deviations (Austin, 2011).  A less-restrictive standard of 

below .25 standard deviations has also been proposed (Stuart, 2010; Stuart & Rubin, 2007). The 

R package MatchIt provides these standardized mean differences. 
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 As an additional means of assessing balance, a Receiver Operating Characteristics (ROC) 

curve may be computed for the propensity score predicting group assignment.  The ROC and 

accompanying Area Under the Curve (AUC) calculation provide a measure of the discriminatory 

power of a predictive model.  AUC values range from 0 to 1.  A score of .7 or above is generally 

considered to indicate a model that strongly predicts group assignment; a score of .6 indicates a 

model is of moderate predictive value, and score of .5 or less indicates suggests that a model is of 

weak predictive value.  Although an AUC value does not indicate that a propensity score model 

has been correctly specified, it does provide an additional means of checking covariate balance 

(Hamilton & Campbell, 2014; Rice & Harris, 2005; Westreich et al., 2011). 

 Additionally, balance assessment was conducted using Hansen and Bowers’ chi-square 

test of covariate balance, an omnibus test which determines if differences across all covariates 

and between groups resemble what might happen in a randomized experiment, thereby allowing 

researchers to not have to assess balance by examining each covariate individually (Hansen & 

Bowers, 2008).      

 

   5. Treatment effect estimation 

Once the comparison groups of interest were constructed via propensity score matching, 

analyses were conducted to examine the deterrent effects of incarceration, residential reentry 

center placement, and home confinement and made use of the subjects contained in the 

appropriate comparison groups.  

Research Questions 1, 2, and 3 all employed use of logistic regression analysis.  The 

logistic analyses conducted and their corresponding research questions are presented in Table 9.  
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Table 9.  Logistic regression analyses conducted in the study post-matching (continued on next 

page). 

 
Research Question  

 
Dependent variable 

 
Independent/control variables 

 
1. Effect of sanction type 
imposed (imprisonment 
vs. intermediate 
sanction) on likelihood of 
arrest for new crime 
following service of 
sanction  

 
Charging of new criminal 
offense following service of 
sanction imposed  

 
- type of sanction  
  (0=intermediate sanction;  
  1=imprisonment) 
- type of offense of predicate  
  conviction 
- criminal history category 
- age 
- race 
- gender 
- employment status at disposition of  
  violation 
- judicial district 
- technical non-compliance based on  
  drug use?  
- number of days served under  
  reimposed/continued term of  
  supervision following completion of  
  sanction (time at risk) 
 
 
 
 

 
2. Effect of sanction 
imposed (imprisonment 
vs. intermediate 
sanction) on likelihood of 
new technical non-
compliance following 
service of sanction  

 
Filing of petition alleging new 
technical non-compliance 
following service of sanction 

 
- type of sanction  
  (0=intermediate sanction;  
  1=imprisonment) 
- type of offense of predicate  
  conviction 
- criminal history category 
- age 
- race 
- gender 
- employment status at disposition of  
  violation 
- judicial district 
- technical non-compliance based on  
  drug use?  
- number of days served under   
  continued term of supervision  
  following completion of sanction  
  (time at risk)  
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3. Effect of intermediate 
sanction imposed 
(reentry center vs. home 
confinement) on 
likelihood of new 
technical non-compliance 
during service of sanction 

 
Filing of petition alleging new 
technical non-compliance 
during service of 
intermediate sanction 

 
- type of sanction  
  (0=home confinement;  1=reentry  
  center)  
- length of sanction in days 
- type of offense of predicate  
  conviction 
- criminal history category 
- age 
- race 
- gender 
- employment status at disposition of  
  violation 
- judicial district  
- technical non-compliance based on  
  drug use? 
- length of sanction in days (time at  
   risk)  
 

 

  

 The study also made use of survival analysis for the purpose of answering Research 

Questions 1a and 2a.  Survival analysis is concerned with the occurrence of events over time and 

the length of time it takes for them to occur (Hox, 2010).      

A Cox proportional hazard model, a form of survival analysis, is designed to determine 

the influence of given covariates on time to the occurrence of a particular event (commonly 

referred to as “failure”).  This technique is used in a variety of fields, including criminal justice 

research (Armstrong, 2003; Brennan, Dieterich & Ehret, 2009; Dejong, 1997; Ostermann, 2011).  

In this case, “failure” is defined as the occurrence of the filing of a new criminal complaint 

(Research Question 1a) or petition alleging a new act of technical non-compliance while under 

supervision (Research Question 2a).  The survival function is an estimate of the probability of 

time to failure.  The hazard function determined in Cox analysis is an estimate of the conditional 

probability of failure occurring in any specified time interval, given that the failure was not 

previously experienced. 
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In the present study, Cox analysis was used to compare the effects of incarceration and 

intermediate sanctions (either reentry center placement or home confinement) with regard to 

deterring the commission of new crimes (Research Question 1a) and deterring/incapacitating 

offenders with regard to additional technical non-compliance (Research Question 2a) by 

ascertaining their respective effects on time to failure, given assorted covariates.  Employing a 

technique used in previous studies (Bales et al., 2005; Gainey, Payne & O’Toole, 2000; 

Gottfredson & Taylor, 1986; Ostermann, 2011), time at risk was included as a control variable.  

The resulting models illustrate the direct effects of the different sanctions on the probability of 

new criminal conduct and additional technical violations of supervision as well as the hazard 

rates of these failures, as well as information about how each of the included covariates affect the 

length of time to these events.     

 

6. Sensitivity analysis 

Finally, sensitivity analysis consists of determining what magnitude of hidden bias would 

change inferences about a treatment effect.  Hidden bias results from the failure to include a 

covariate that influences the outcome (Leite, 2017; Liu, Kuramoto & Stuart, 2013).    

One method of sensitivity analysis, developed by Rosenbaum (2002), is based on the 

principle that if two cases have the same values on observed covariates but different probabilities 

of treatment assignment, the odds ratio of these cases receiving the treatment is: 

 

𝜋𝑗/(1 − 𝜋𝑗)

𝜋𝑘/(1 − 𝜋𝑘)
=

𝜋𝑗/(1 − 𝜋𝑘)

𝜋𝑘/(1 − 𝜋𝑗)
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where the odds that units j and k receive the treatment are πj /(1 - πj) and πk /(1 - πk), respectively.  

If there is an unobserved confounder, the odds ratio will be larger than 1 and smaller than a 

constant Γ (gamma) that measures the degree of departure from the absence of hidden bias 

(Leite, 2017): 

 

1

Γ
≤  

𝜋𝑗(1 − 𝜋𝑘)

𝜋𝑘(1 − 𝜋𝑗)
≤ Γ 

 

   If a study is free of hidden bias, two units with the same observed covariates should have 

the same chances of receiving treatment.  Thus, the difference in odds ratio of receiving 

treatment between two units with the same covariates indicates the level of sensitivity to hidden 

bias (Guo & Fraser, 2010).  In other words, as stated by Rosenbaum (2002): 

 

…Γ is a measure of the degree of departure from a study that is free 

of hidden bias.  A sensitivity analysis will consider several possible 

levels of Γ and show how the inferences might change. A study is 

sensitive if values of Γ close to 1 could lead to inferences that are 

very different from those obtained assuming the study is free of 

hidden bias.  A study is insensitive if extreme values of Γ are 

required to alter the inference. (p.107) 

   

Sensitivity analysis in the present study was conducted using the rbounds software 

available for R and using the procedure outlined by Keele (2015).   
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CHAPTER FOUR: RESULTS 

  

 For each of the Research Questions, this chapter provides pertinent descriptive statistics, 

describes (where appropriate) the results derived from each of the propensity score matching 

methods, discusses which propensity score method was selected to construct the appropriate 

comparison groups given the results of the covariate balance testing, and provides results from 

the post-matching analyses appropriate for each research question. 

 To summarize, the Research Questions, comparison groups of interest, and hypotheses 

are listed in Table 10. 
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Table 10.  Summary of research questions, comparison groups, and hypotheses.  

 

Research  
Question No. 
and outcome  

“Treated” group “Untreated” group Hypothesis 

1. New crime 
charged following 
service of sanction? 

Offenders revoked and 
committed to prison 
who had supervision 
reimposed 

Offenders placed on 
intermediate sanction 
(either home confinement 
or reentry center 
placement) 

Revoked offenders more 
likely to be charged with 
crimes post-sanction 
than offenders subjected 
to intermediate sanction 

1a. Length of time to 
new crime following 
service of sanction 

Offenders revoked and 
committed to prison and 
who had supervision 
reimposed and were 
charged with new 
crimes while under 
reimposed supervision 

Offenders placed on 
intermediate sanction 
(either home confinement 
or reentry center 
placement) who 
successfully completed 
their sanction and were 
charged  with new crimes 
while under continued 
under supervision 

Among offenders 
charged with crimes 
post- sanction, shorter 
length of time to new 
arrest for revoked 
offenders compared to 
offenders subjected to 
intermediate sanction  

2. Subsequent act of 
technical non-
compliance charged 
following service of 
the sanction? 

Offenders revoked and 
committed to prison and 
who had supervision 
reimposed 

Offenders placed on 
intermediate sanction 
(either home confinement 
or reentry center 
placement) who 
successfully completed 
their sanction and were 
continued under 
supervision 

Revoked offenders more 
likely to be charged with 
new acts of technical 
non-compliance  post-
sanction than offenders  
subjected to 
intermediate sanction 

2a. Length of time to 
new technical non-
compliance crime 
following service of 
sanction 
 

Offenders revoked and 
committed to prison and 
who had supervision 
reimposed 

Offenders placed on 
intermediate sanction 
(either home confinement 
or reentry center 
placement) who 
successfully completed 
their sanction and were 
continued under 
supervision 

Among offenders 
charged with new acts of 
technical non-compliance 
post-sanction,  shorter 
length of time to new 
technical non-compliance 
for revoked offenders 
compared to offenders 
who were subjected to 
intermediate sanctions 

3. Subsequent acts of 
technical non-
compliance during 
service of 
intermediate 
sanction? 

Offenders directed to 
complete term of 
reentry center 
placement  

Offenders directed to 
complete term of home 
confinement 

Offenders directed to 
complete term of reentry 
center placement more 
likely be charged with 
acts of technical non-
compliance while serving 
sanction than those 
placed on home 
confinement 
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Research Question 1: Which response to acts of technical non-compliance on the part of 

offenders under supervision – incarceration or the imposition of an intermediate sanction – will 

be more effective as a specific deterrent in terms of reducing the likelihood that an offender will 

be charged with a new crime following completion of the sanction imposed? 

 

Hypothesis 1: Offenders who have been revoked and sentenced to prison as a result of technical 

non-compliance will be more likely to be arrested for new criminal conduct following service of 

their sanction than offenders subjected to an intermediate sanction (either residential reentry 

center placement or home confinement).   

 

 

 

Descriptive statistics 

 

 Research Question 1 is concerned with comparing the effect of sanctioning offenders by 

imprisoning them for having committed technical violations of supervision to that of imposing 

an intermediate sanction (either placement in a residential reentry center or a sanction of a period 

of home confinement) in terms of deterring the commission of a new crime following service of 

the sanction.   

 Descriptive statistics for the revoked and non-revoked offenders in the sample are 

presented in Table 11.  Of the 510 offenders in the sample who were revoked and incarcerated as 

a result of technical violations of supervision, 84 percent were male and nearly 79 percent were 

unemployed at the time of sanctioning.  The majority (52 percent) had been the subject of at least 

one previous notification to the Court alleging non-compliance.  The sample of revoked 

offenders differed from those who were subjected to intermediate sanctions as a result of 

technical non-compliance in several ways.  For instance, among the sample of offenders ordered 

to serve intermediate sanctions, 40 percent were unemployed and 31 percent had been the subject 

of a prior notification to the Court. 

 Accordingly, the revoked and non-revoked groups of offenders were assessed for key 

differences on the assorted covariates.  Chi-square tests demonstrated significant differences 

between the groups with regard to district of supervision, employment status at time of violation 
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disposition, predicate offense of conviction, and whether or not the offender had been the subject 

of a previous notification to the Court regarding non-compliance.  Additionally, t-tests revealed 

significant differences in offender age and number of technical violations charged by the 

probation officer between the groups.   

 Specifically, a chi-square test revealed differences between the revoked and non-revoked 

groups with regard to district of supervision, x2(3) = 240.91, p < .001, and the accompanying 

value for Cramer’s V (.461) suggests a moderate association between district of supervision and 

likelihood of revocation.  A chi-square test also revealed a significant relationship between 

offender employment status and revocation, x2(1) = 43.963, p < .001 (Cramer’s V = .197).  Of the 

offenders in the sample who had their supervision revoked as the result of a technical violation, 

over 78 percent were unemployed.  However, only 40 percent of the offenders who were 

subjected to an intermediate sanction were unemployed.  A significant difference also existed 

between the revoked and non-revoked groups with regard to whether or not offenders had been 

the subject of previous notification to the Court; x2(1) = 51.14, p < .001 (Cramer’s V = .212).  

Approximately 52 percent of the revoked offenders had been the subject of a prior notification to 

the Court, but only 31 percent of those subjected to an intermediate sanction had been the subject 

of a previous notification.  Finally, a chi-square test revealed differences between the revoked 

and non-revoked groups with regard to type of predicate offense; x2(4)=40.031, p < .001.  The 

corresponding value for Cramer’s V (.188) suggested a weak but statistically significant 

relationship between the groups.   

 A significant difference existed between the groups with regard to age t(1,133) = 2.419, p 

< .05 and the number of technical violations charged by the probation officer t(1,133) = 10.163, 

p < .001.  These findings indicate substantial differences between the pre-matched groups on a 
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variety of covariates, confirming the suspected presence of potential confounding effects of 

selection bias and justifying the use of propensity score matching to address this issue. 
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Table 11. Descriptive statistics and results of tests of bivariate association for revoked and non-

revoked offenders (those subjected to intermediate sanction) in the sample (n = 1,135). 

 

 Revoked 
offenders 
(n = 510) 

Non-revoked 
offenders 
(n = 625) 

Pearson’s 
Chi-Square 

(Cramer’s V) 

t-test 

District of supervision   240.91*** 
(.461)*** 

 

  NJ % of total (n) 47.1 (240) 7.8 (49)   
  MA % of total (n)  15.3 (78) 25.0 (156)   
  MD/PA % of total (n) 27.3 (139) 37.6 (235)   
  MD/NC % of total (n) 10.4 (53) 29.6 (185)   
Offender age (�̅�, SD) 36.7 (9.03) 35.4 (8.39)  2.42* 
Offender gender   1.57 

(.037) 
 

  % Male (n) 83.9 (428) 86.6 (541)   
  % Female (n) 16.1 (82) 13.4 (84)   
Offender race   3.56 

(.056) 
 

  % Black (n) 52.2 (266) 57.8 (361)   
  % White/Other (n)  47.8 (244) 42.2 (264)   
Employment status 
at violation disposition 

  43.96*** 
(.197)*** 

 

  % Employed (n) 21.2 (108) 60.5 (378)   
  % Unemployed (n) 78.8 (402) 39.5 (247)   
Type of Supervision   .05 

(.007) 
 

  % Supervised Release (n) 89.2 (455) 88.8 (555)   
  % Probation (n) 10.8 (55) 11.2 (70)   
CHC (�̅�, SD) 3.43 (1.66) 3.07 (1.65)  3.67 
Offense of conviction   40.03*** 

(.188)*** 
 

  % Drugs (n) 41.4 (211) 55.2 (342)   
  % Violence (n) 5.9 (30) 9.4 (58)   
  % Weapons (n) 24.9 (127) 14.7 (91)   
  % Fraud/Finance (n) 20.6 (105) 17.1 (106)   
  % Other (n) 7.3 (37) 3.7 (23)   
Number of charged violations 
  (�̅�, SD) 

3.49 (2.17) 2.40 (1.77)  10.613*** 

Violation includes allegation of   
  drug use 

  .32 
(-.017) 

 

  % Yes (n) 72.7 (371) 74.2 (464)   
  % No (n) 27.3 (139) 25.8 (161)   
Prior Court notification   51.14*** 

(.212)*** 
 

  % Yes (n) 52.2 (266) 31.2 (195)   
  % No (n) 47.8 (244) 68.8 (430)   
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Propensity score matching 

 Because significant differences existed between the groups of offenders revoked for 

technical non-compliance (here, the “treated” group) and those subjected to intermediate 

sanctions for technical non-compliance (here, the “untreated” group), propensity score matching 

was employed to construct “treated” and “untreated” groups suitable for comparison.  Several 

different matching techniques (nearest neighbor, nearest neighbor within caliper, optimal, and 

genetic) were utilized so as to determine which technique would produce the most balanced 

groups.   

 To begin, matching was attempted with the nearest neighbor method.  As presented in 

Table 12, this method produced marginal results in terms of constructing equally-matched 

groups.  After matching, several covariates still had standardized mean differences greater than 

.1, and matching resulted in no more than 59 percent improvement in balance on any covariate.  

In fact, after matched groups were constructed, matching was actually worse on some covariates 

(namely, type of supervision, commission of a fraud offense, and having been under supervision 

in the districts of Massachusetts and Middle Pennsylvania).  Of the 18 covariates, only five were 

found to be balanced within .1 standardized mean difference post-matching.  Only 12 of the 

covariates were balanced with .25 standardized mean difference.  

 A jitter plot and histogram were constructed to display the distribution of propensity 

scores for subjects across unmatched and matched groups.  Presented in Figures 1 and 2, 

respectively, these graphics provide visual representation of the distribution of propensity scores 

among the subjects in each group, and thus depict the (im)balance between groups.  
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 Finally, the Area Under Curve (AUC) estimate was .83, indicating the model and its 

covariates were, after matching, strong predictors of assignment into either the revoked or non-

revoked group.  This suggests that considerable differences existed between the groups even 

after matching via the nearest neighbor method, and therefore selection bias appears to still be 

found following construction of the matched groups via the nearest neighbor method.   
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Table 12. Summary of balance for revoked and non-revoked offenders; before and after nearest 

neighbor matching. 

 

 

 Before Matching  After Matching 

 
 Mean 

Revoked 
(n=510) 

 

Mean 
Non- 

Revoked 
(n=625) 

 

Stand. 
Mean 
Diff. 

 Mean 
Revoked 
(n=510) 

 

Mean 
Non- 

Revoked 
(n=510) 

 

Stand. 
Mean 
Diff. 

Percent 
balance 

Improvement 
(Stand.  

mean diff.) 

Age 36.688 35.431 .139  36.688 35.755 .103 25.51 
Gender 
 (0 = Female) 

 
.839 

 
.866 

 
-.072 

  
.839 

 
.865 

 
-.069 

 
3.39 

Race 
 (0 = Black) 

 
.522 

 
.578 

 
-0.112 

  
.522 

 
.569 

 
-.094 

 
16.01 

Employment 
 (0 = No) 

 
.212 

 
.395 

 
-.449 

  
.212 

 
.310 

 
-.240 

 
46.55 

Typ Supv. 
 (0 = Prob.) 

 
.892 

 
.888 

 
.013 

  
.892 

 
.906 

 
-.044 

 
-230.19 

 
CHC 

 
3.429 

 
3.067 

 
.218 

  
3.429 

 
3.198 

 
.139 

 
36.12 

Drug  
  Offense     

 
.414 

 
.555 

 
-.287 

  
.414 

 
.553 

 
-.282 

 
1.60 

Viol  
  Offense 

 
.059 

 
.093 

 
-.144 

  
.059 

 
.073 

 
-.058 

 
59.60 

Weapons  
  Offense 

 
.249 

 
.146 

 
.239 

  
.249 

 
.173 

 
.177 

 
26.06 

Fraud  
  Offense 

 
.206 

 
.170 

 
.090 

  
.206 

 
.163 

 
.107 

 
-18.89 

Other  
  Offense 

 
.073 

 
.037 

 
.138 

  
.073 

 
.039 

 
.128 

 
6.76 

Num.   
  violations 

 
3.633 

 
2.549 

 
.499 

  
3.633 

 
2.704 

 
.460 

 
14.30 

Drug   
  violation 

 
.728 

 
.742 

 
-.034 

  
.728 

 
.735 

 
-.018 

 
47.53 

Prior  
  notification 

 
.522 

 
.312 

 
.419 

  
.522 

 
.355 

 
.333 

 
20.47 

District  
  NJ 

 
.471 

 
.078 

 
.785 

  
.471 

 
.096 

 
.750 

 
4.51 

District  
  MA 

 
.153 

 
.250 

 
-.268 

  
.153 

 
.265 

 
-.310 

 
-15.63 

District    
  MDPA 

 
.273 

 
.376 

 
-.232 

  
.273 

 
.380 

 
-.242 

 
-4.25 

District   
  MDNC 

 
.104 

 
.296 

 
-.629 

  
.104 

 
.259 

 
-.507 

 
19.35 
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Figure 1. Jitter plot of distribution of propensity scores for all revoked and non-revoked cases; 

before and after nearest neighbor matching. 

 

 

Figure 2. Histograms of distribution of propensity scores for all revoked and non-revoked cases; 

before and after nearest neighbor matching. 
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 Nearest neighbor matching within a caliper (.25) was also used to construct matched 

groups.  The results are presented in Table 13.  Because it is a more stringent matching method 

than nearest neighbor matching, this technique resulted in a loss of subjects.  As a result, the 

matched groups each consisted of 263 cases.  However, the matches were much more balanced 

than those produced via nearest neighbor matching without the use of a caliper.  Most variables 

showed substantial improvement in matching.  Using nearest neighbor matching with a caliper, 

14 of the 18 covariates were balanced within .1 standardized mean difference post-matching and 

all covariates were balanced within .25 standardized mean difference.  

 A jitter plot (Figure 3) and histogram (Figure 4) provide visual representation of the 

distribution of propensity scores in the groups before and after having been matched using 

nearest neighbor matching with a caliper.   

 The Area Under Curve (AUC) estimate was .56, indicating the model and its covariates 

were, after matching, poor predictors of assignment into either the revoked or non-revoked 

group.  This is a desirable effect, for it indicates that nearest neighbor matching with caliper 

produced matched groups that vary little from each other, thus approximating randomly-

constructed groups. 

 Because nearest neighbor matching with a caliper produced the most-balanced groups of 

the four propensity score matching techniques utilized, the resulting matched dataset was 

imported into SPSS for an additional test of balance, Hansen & Bowers’ omnibus test of overall 

balance (Hansen & Bowers, 2008).  Using the R plug-in for SPSS, the resulting chi-square test 

found the groups to be adequately balanced post-matching; x2(16) = 9.21, p = .904. 
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Table 13. Summary of balance before and after matching for revoked and non-revoked 

offenders; nearest neighbor matching with caliper (0.25). 

 

 Before Matching  After Matching 

 
 Mean 

Revoked 
(n=510) 

 

Mean 
Non- 

Revoked 
(n=625) 

 

Stand. 
Mean 
Diff. 

 Mean 
Revoked 
(n=263) 

 

Mean 
Non- 

Revoked 
(n=263) 

 

Stand. 
Mean 
Diff. 

Percent 
Balance 

Improvement 
(Stand.  

Mean Diff.) 

Age 36.688 35.435 .139  36.506 36.529 -.003 98.18 

Gender 
 (0 = Female) 

 

.839 

 

.866 

 

-.072 

  

.856 

 

.829 

 

.072 

 

-.89 

Race 
 (0 = Black) 

 

.522 

 

.578 

 

-.112 

  

.548 

 

.494 

 

.107 

 

5.00 

Employment 
 (0 = No) 

 

.212 

 

.395 

 

-.449 

  

.259 

 

.270 

 

-.028 

 

93.78 

Typ Supv. 
 (0 = Prob.) 

 
.892 

 
.888 

 
.013 

  
.894 

 
.882 

 
.037 

 
-174.41 

 
CHC 

 
3.429 

 
3.067 

 
.224 

  
3.194 

 
3.251 

 
-.034 

 
84.25 

Drug  
  Offense     

 
.414 

 
.555 

 
-.287 

  
.506 

 
.498 

 
.015 

 
94.62 

Viol  
  Offense 

 

.059 

 

.093 

 

-.144 

  

.046 

 

.034 

 

.048 

 

66.43 

Weapons   
  Offense 

 

.249 

 

.146 

 

.239 

  

.209 

 

.213 

 

-.009 

 

96.32 

Fraud   
  Offense 

 

.206 

 

.170 

 

.090 

  

.178 

 

.194 

 

-.038 

 

58.08 

Other  
  Offense 

 

.073 

 

.037 

 

.138 

  

.061 

 

.061 

 

.000 

 

100. 

Num.   
  violations 

 

3.633 

 

2.549 

 

.499 

  

3.160 

 

3.065 

 

.047 

 

91.23 

Drug  
  violation 

 

.728 

 

.742 

 

-.034 

  

.704 

 

.646 

 

.129 

 

49.13 

Prior  
  notification 

 

.522 

 

.312 

 

.419 

  

.487 

 

.460 

 

.053 

 

87.30 

District  
  NJ 

 

.471 

 

.078 

 

.785 

  

.251 

 

.178 

 

.145 

 

81.58 

District  
  MA 

 

.153 

 

.250 

 

-.268 

  

.243 

 

.262 

 

-.053 

 

80.33 

District   
  MDPA 

 

.273 

 

.376 

 

-.232 

  

.331 

 

.331 

 

.000 

 

100. 

District   
  MDNC 

 

.104 

 

.296 

 

-.629 

  

.175 

 

.228 

 

-.174 

 

72.29 
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Figure 3. Jitter plot of distribution of propensity scores for all revoked and non-revoked cases; 

before and after nearest neighbor matching with caliper (.25). 

 

 

 

Figure 4. Histograms of distribution of propensity scores for all revoked and non-revoked cases; 

before and after nearest neighbor matching with caliper (.25). 
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 Optimal matching was also utilized to construct matched groups and, as presented in 

Table 14, performed rather poorly in terms of constructing equally-matched groups.  After 

matching, several covariates still had standardized mean differences exceeding .25 and matching 

resulted in no more than 65 percent improvement in balancing any covariate.  In fact, after 

matched groups were constructed, matching was actually worse on some covariates.   

 A jitter plot (Figure 5) and histogram (Figure 6) provide visual representation of the 

distribution of propensity scores within each group before and after matching using the optimal 

matching technique. 

 Finally, the Area Under Curve (AUC) estimate was .83 and, as with the nearest neighbor 

matching method, it indicated the model and its covariates were strong predictors of group 

assignment, even after matching was employed.  This suggests that the comparison groups 

formed via optimal matching were subject to considerable threat of selection bias.   
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Table 14. Summary of balance for revoked and non-revoked offenders; before and after optimal 

matching. 

 

 Before Matching  After Matching 

 
 Mean 

Revoked 
(n=510) 

 

Mean 
Non- 

Revoked 
(n=625) 

 

Stand. 
Mean 
Diff. 

 Mean 
Revoked 
(n=510) 

 

Mean 
Non- 

Revoked 
(n=510) 

 

Stand. 
Mean 
Diff. 

Percent 
Balance 

Improvement 
(Stand.  

Mean Diff.) 

Age 36.688 35.435 .139  36.688 35.980 .078 43.51 

Gender 
 (0 = Female) 

 

.839 

 

.866 

 

-.072 

  

.839 

 

.863 

 

-.064 

 

10.82 

Race 
 (0 = Black) 

 

.522 

 

.578 

 

-.112 

  

.522 

 

.569 

 

-.094 

 

16.01 

Employment 
 (0 = No) 

 

.212 

 

.395 

 

-.449 

  

.212 

 

.318 

 

-.259 

 

42.28 

Typ Supv. 
 (0 = Prob.) 

 
.892 

 
.888 

 
.013 

  
.892 

 
.910 

 
-.057 

 
-324.53 

 
CHC 

 
3.429 

 
3.067 

 
.224 

  
3.429 

 
3.196 

 
.140 

 
35.58 

 
Drug  
  Offense     

 
 

.414 

 
 

.555 

 
 

-.287 

  
 

.414 

 
 

.549 

 
 

-.274 

 
 

4.37 
Viol  
  Offense 

 

.059 

 

.093 

 

-.144 

  

.059 

 

.071 

 

-.050 

 

65.37 

Weapons    
  Offense 

 

.249 

 

.146 

 

.239 

  

.249 

 

.177 

 

.168 

 

29.85 

Fraud    
  Offense 

 

.206 

 

.170 

 

.090 

  

.206 

 

.165 

 

.102 

 

-13.49 

Other   
  Offense 

 

.073 

 

.037 

 

.138 

  

.073 

 

.039 

 

.128 

 

6.76 

Num.  
  violations 

 

3.633 

 

2.549 

 

.499 

  

3.633 

 

1.645 

 

.461 

 

14.12 

Drug   
  violation 

 

.728 

 

.742 

 

-.034 

  

.728 

 

.735 

 

-.018 

 

47.53 

Prior  
  notification 

 

.522 

 

.312 

 

.419 

  

.522 

 

.359 

 

.326 

 

22.34 

District  
  NJ 

 

.471 

 

.078 

 

.785 

  

.471 

 

.096 

 

.750 

 

4.51 

District  
  MA 

 

.153 

 

.250 

 

-.268 

  

.153 

 

.259 

 

-.294 

 

-9.54 

District   
  MDPA 

 

.273 

 

.376 

 

-.232 

  

.273 

 

.378 

 

-.238 

 

-2.35 

District  
  MDNC 

 
.104 

 
.296 

 
-.629 

  
.104 

 
.267 

 
-.533 

 
15.27 
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Figure 5. Jitter plot of distribution of propensity scores for all revoked and non-revoked cases; 

before and after optimal matching. 

 

  

Figure 6. Histograms of distribution of propensity scores for all revoked and non-revoked cases; 

before and after optimal matching. 
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 Finally, genetic matching was used to construct matched groups and, as presented in 

Table 15, resulted in only marginal construction of equally-matched groups.  Using genetic 

matching, 10 of the 18 covariates were matched within .1 standardized mean differences and the 

remaining 8 covariates were matched within .25 standardized mean differences.   

 A jitter plot (Figure 7) and histogram (Figure 8) provide visual representation of the 

distribution of propensity scores for the subjects in each group before and after having been 

matched using genetic matching. 

 The Area Under Curve (AUC) estimate was .72, indicating the model and its covariates 

were moderately strong predictors of assignment into either the revoked or non-revoked group 

following use of genetic matching.  The genetic matching method therefore performed better 

than the nearest neighbor and optimal matching methods in producing balanced groups, but not 

as well as nearest neighbor matching with a caliper.   
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Table 15. Summary of balance for revoked and non-revoked offenders; before and after genetic 

matching.  
 

 Before Matching  After Matching 

 
 Mean 

Revoked 
(n=510) 

 

Mean 
Non- 

Revoked 
(n=625) 

 

Stand. 
Mean 
Diff. 

 Mean 
Revoked 
(n=510) 

 

Mean 
Non- 

Revoked 
(n=162) 

 

Stand. 
Mean 
Diff. 

Percent 
Balance 

Improvement 
(Stand.  

Mean Diff.) 

Age 36.688 35.435 .139  36.688 36.424 .029 78.88 

Gender 
 (0 = Female) 

 

.839 

 

.866 

 

-.072 

  

.839 

 

.837 

 

.005 

 

92.57 

Race 
 (0 = Black) 

 

.522 

 

.578 

 

-.112 

  

.522 

 

.551 

 

-.059 

 

47.51 

Employment 
 (0 = No) 

 

.212 

 

.395 

 

-.449 

  

.212 

 

.178 

 

.082 

 

81.83 

Typ Supv. 
 (0 = Prob.) 

 
.892 

 
.888 

 
.013 

  
.892 

 
.892 

 
.000 

 
100.00 

 
CHC 

 
3.429 

 
3.067 

 
.224 

  
3.429 

 
3.112 

 
.191 

 
12.30 

Drug  
  Offense     

 
.414 

 
.555 

 
-.287 

  
.414 

 
.520 

 
.163 

 
25.16 

Viol  
  Offense 

 

.059 

 

.093 

 

-.144 

  

.059 

 

.024 

 

.150 

 

-3.88 

Weapons   
  Offense 

 

.249 

 

.146 

 

.239 

  

.249 

 

.184 

 

.150 

 

37.43 

Fraud  
  Offense 

 

.206 

 

.170 

 

.090 

  

.206 

 

.206 

 

.000 

 

100.00 

Other  
  Offense 

 

.073 

 

.037 

 

.138 

  

.073 

 

.067 

 

.023 

 

83.55 

Num.  
  violations 

 

3.633 

 

2.549 

 

.499 

  

3.633 

 

3.384 

 

.123 

 

77.04 

Drug  
  violation 

 

.728 

 

.742 

 

-.034 

  

.728 

 

.655 

 

.163 

 

-385.31 

Prior  
  notification 

 

.522 

 

.312 

 

.419 

  

.522 

 

.520 

 

.004 

 

99.06 

District  
  NJ 

 

.471 

 

.078 

 

.785 

  

.471 

 

.418 

 

.106 

 

86.50 

District  
  MA 

 

.153 

 

.250 

 

-.268 

  

.153 

 

.204 

 

-.142 

 

47.26 

District   
  MDPA 

 

.273 

 

.376 

 

-.232 

  

.273 

 

.269 

 

.009 

 

96.21 

District  
  MDNC 

 

.104 

 

.296 

 

-.629 

  

.104 

 

.110 

 

-0.19 

 

96.94 
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Figure 7. Jitter plot of distribution of propensity scores for all revoked and non-revoked cases; 

before and after genetic matching. 

 

Figure 8. Histograms of distribution of propensity scores for all revoked and non-revoked cases; 

before and after genetic matching. 
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Key findings  

 Due to the fact that it produced the most closely-matched groups of the different 

propensity score matching methods employed, the comparison groups formed via the nearest 

neighbor with caliper (.25) method were used to answer Research Question 1.   

 Nearest neighbor matching with a caliper resulted in a group of 263 offenders who had 

their supervision revoked for technical non-compliance and a matched, similarly-situated group 

of 263 non-revoked offenders.  Although no research question specifically sought to examine the 

prevalence of criminal offending among offenders subjected to intermediate sanctions, it was 

noted during data analysis that of the 263 matched offenders who were subjected to an 

intermediate sanction (either reentry center placement or home confinement), only 3 (a little 

more than 1 percent) were charged with new crimes during the service of their sanction.  Due to 

the fact that they were incarcerated and unable to engage in new crimes,8 none of the imprisoned 

offenders were charged with new criminal offenses during service of their imprisonment.  A chi-

square test does not show a significant difference between groups in terms of number of 

offenders charged with crimes while serving a sanction (x2(1) = 3.017, p = .249).  This finding 

strongly suggests that subjecting offenders to intermediate sanctions as a result of technical non-

compliance presents no more risk to public safety than incarcerating them.   

 Research Question 1 specifically asks, however, which response to technical non-

compliance (imprisonment or intermediate sanction) is more effective at deterring criminal 

activity (as indicated by the filing of a criminal complaint) during a follow-up period post-

                                                           
8 Offenders can - and do, of course - engage in new crimes while incarcerated.  These offenses may include (but are 

not limited to) possession of contraband and assaults against other inmates and staff.  Because the types of crimes 

committed behind bars are typically considered to present little risk to the general public, they are generally of 

limited interested to citizens and academics alike. 
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sanction.  Answering the question is necessarily limited to utilizing only offenders who 

experienced terms of supervision following service of their respective sanctions.  Notably, of the 

263 matched, non-revoked offenders, 99 (38 percent) were charged with subsequent acts of 

technical non-compliance during service of their intermediate sanctions and 72 (27 percent) had 

their supervision revoked as a result of this new technical non-compliance.  The number of 

matched offenders who “survived” to continued supervision following service of an intermediate 

sanction was thus reduced to 191.  Only 17 (8.9 percent) of these offenders engaged in new 

criminal activity following service of their intermediate sanctions. Of the 263 offenders who had 

their supervision revoked as a result of technical non-compliance, 130 had supervised release re-

imposed and 32 (24.6 percent) of these engaged in new criminal activity following incarceration.  

A Pearson chi-square test statistic indicates that the difference in the number of offenders who 

were charged with new crimes post-sanction between the two groups is statistically significant 

(x2(1) = 14.769, p < .001).  Among sanctioned offenders who had their supervision continued 

post-sanction, therefore, a significantly greater number of those who had experienced terms of 

imprisonment went on to be charged with new crimes than did the number of offenders who had 

been subjected to an intermediate sanction. 

 So as to examine this question further, a logistic regression model predicting whether or 

not an offender would engage in new criminal activity following service of a sanction for 

technical non-compliance was constructed and is presented in Table 16.  In this model, only 

whether or not an offender had served a term of imprisonment as result of a supervision violation 

(β = 2.97, p <.01) and the length of the period of supervision following service of the sanction (β 

= .000, p < .001) were significant predictors of new criminal activity post-sanction, controlling 

for the other covariates.  No other covariates were able to significantly predict new criminal 
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activity post-sanction (at the conventional cut-off level of .05).  The model is able to predict 16 

percent of the variability in likelihood of new criminal activity post-sanction.  The model was 

assessed for multicollinearity and no variance inflation factor exceeded 2.4 (variance inflation 

factors which approach 10 are considered to be problematic), suggesting no concerns regarding 

multicollinearity (Myers, 1990). 
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Table 16. Logistic regression model predicting whether or not an offender will be charged with 

new criminal conduct during a term of supervision following service of sanction for technical 

violation.  
  

Covariate β 
 
 

SE 
 

95% CI for Odds Ratio 
 

  Lower          OR               Upper 

      
Age -.023 .020 .939 .977 1.017 
Gender (0 = Female) 18.821 5237.883 .000 1492556403.3 -- 
Race (0 = Black) -.286 .437 .319 .751 1.770 
Employed (0 = No) -.331 .422 .314 .718 1.644 
Type Supervision  
    (0 = Probation) 

 
19.228 

 
5984.345 

 
.000 

 
224191490.4 

 
-- 

Criminal History Category .136 .114 .916 1.146 1.432 
Offense of Conviction (0 = Drug)    
    Weapons -.749 .540 .164 .473 1.362 
    Violence -18.760 20000.888 .000 .000 -- 
    Theft/Fraud  .124 .642 .322 1.133 3.985 
    Other -19.075 7964.264 .000 .000 -- 
Number of Violations -.101 .105 .736 .904 1.109 
Drug Use Violation (0 = No) .790 .460 .894 2.202 5.424 
Prior Court Notification (0 = No) .473 .386 .753 1.605 3.419 
District (0 = New Jersey)    
  Massachusetts .186 .570 .394 1.205 3.684 
  Middle Pennsylvania -.059 .545 .324 .942 2.743 
  Middle North Carolina -.844 .720 .105 .430 6.280 
Type of Sanction  
(0 = Intermediate Sanction) 

 
1.087** 

 
.383 

 
1.402 

 
2.967 

 
6.280 

Length of supervision (days) .000*** .000 1.000 1.000 1.001 
      
Constant -39.964 7952.849  .000  
      

 
Note: R2 = .166 (Cox & Snell), .289 (Nagelkerke), Model x2 = 58.381, p < .001 
* p < .05, ** p < .01, *** p < .001 
 

 

 Of note, some of the variables in the model have unusually large standard errors (namely, 

offender gender, type of supervision, conviction for a crime of violence and “other” offense 

types) and effect sizes (gender and type of supervision).  The large effect sizes found for gender 

and type of supervision are likely the result of “separation” in the data.  Separation is a 
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phenomenon in which, when dealing with a small number of observations or rare events, a 

variable perfectly predicts a binary outcome (Rainey, 2016).  In the present analysis, 45 of the 

321 subjects were female, and none of them were charged with a new crime while serving a 

continued/reimposed period of supervision (49 of the 276 male offenders were charged with a 

new crime).  Similarly, 30 of the 321 offenders in the subsample had been sentenced to terms of 

probation instead of supervised release, and none of these offenders were charged with new 

crimes during continued/reimposed periods of supervision. 

 Rare events and separation present a challenge to conducting conventional logistic 

regression analysis because the maximum likelihood estimation employed in the logistic model 

is known to suffer from small-sample bias (Heinze & Schemper, 2002; King & Zeng, 2001).  

Fortunately, a procedure commonly referred to as Firth logistic regression has been developed to 

deal with this problem.  Firth logistic regression uses a technique known as penalized likelihood 

to produce finite, consistent estimates of regression parameters when maximum likelihood 

methods are unable to do so (Firth, 1993) and is available in SPSS through the R add-on 

package.  Table 17 presents a Firth logistic regression model predicting whether or not an 

offender would engage in new criminal activity following service of a sanction for technical non-

compliance.  The results are substantively identical to the conventional logistic regression model, 

confirming the finding that revocation of supervision for a technical violation increases the 

likelihood of being charged with a new criminal offense post-sanction by approximately 2.5 

times, controlling for all other covariates.    
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Table 17. Firth logistic regression model predicting whether or not an offender will be charged 

with new criminal conduct during a term of supervision following service of sanction for 

technical violation.  
  

Covariate β 
 
 

SE 
 

              95% CI for Odds Ratio 
 

   Lower                OR               Upper 

      
Age -.021 .019 .942 .979 1.016 
Gender (0 = Female) 2.253* 1.386 1.258 9.516 13.712 
Race (0 = Black) -.245 .409 .338 .783 1.752 
Employed (0 = No) -.292 .397 .329 .747 1.624 
Type Supervision  
    (0 = Probation) 

 
2.490 

 
1.582 

 
.931 

 
12.061 

 
17.483 

Criminal History Category .124 .107 .915 1.132 1.406 
Offense of Conviction (0 = Drug)    
    Weapons -.677 .508 .178 .508 1.359 
    Violence .054 1.725 .007 1.055 12.910 
    Theft/Fraud  .134 .597 .324 1.143 3.651 
    Other -1.844 1.617 .001 .158 1.861 
Number of Violations -.089 .098 -.747 .915 1.603 
Drug Use Violation (0 = No) .896 .432 .881 2.450 4.968 
Prior Court Notification (0 = No) .435 .366 .755 1.545 3.235 
District (0 = New Jersey)    
  Massachusetts .153 .536 .413 1.165 3.529 
  Middle Pennsylvania -.069 .515 .340 .933 2.643 
  Middle North Carolina -.737 .669 .118 .479 1.744 
Type of Sanction  
(0 = Intermediate Sanction) 

 
.988** 

 
.360 

 
1.327 

 
2.686 

 
5.585 

Length of supervision (days) .000* .000 .000 0.000 1.001 
      
Constant -6.587** 2.338 2.819e-06 .001 .086 
      

 
Note: Likelihood ratio = 45.291, p < .001  
* p < .05, ** p < .01, *** p < .001 
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 A Rosenbaum sensitivity analysis was conducted so as to determine what amount of 

hidden bias would be needed to change inferences about the observed treatment effect.  Hidden 

bias results from the failure to include a covariate which influences the outcome.  The results are 

presented in Table 18.  As indicated, the p-value found under the assumption of no hidden bias 

(Γ=1) is statistically significant.  At Γ=1.1, the upper bound of the p-value increases to a level of 

non-significance.  Thus, even if the odds of a person being in the treated (revoked) group instead 

of the untreated (non-revoked) group are only 1.1 times higher because of different values on an 

unobserved covariate, our inference about the treatment effect changes.  Although evidence was 

found in support of Hypothesis 1, this suggests that the results are rather sensitive to hidden bias.   

 

Table 18. Results of Rosenbaum sensitivity test for Research Question 1. 

 

Gamma (Γ) Lower bound Upper bound 

   
1.0 0.0320 0.0320 
1.1 0.0153 0.0612 
1.2 0.0071 0.1024 
1.3 0.0033 0.1551 
1.4 0.0015 0.2170 
1.5 0.0007 0.2854 
1.6 0.0003 0.3572 
1.7 0.0001 0.4296 
1.8 0.0001 0.5000 
1.9 0.0000 0.5667 
2.0 0.0000 0.6283 
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Research Question 1a: Among offenders who have been sanctioned for technical non-

compliance and do go on to be charged with a new crime following service of their sanction, 

which response to acts of technical non-compliance on the part of offenders under supervision 

– incarceration or the imposition of an intermediate sanction – will be more effective as a 

specific deterrent in terms of extending the time to the new alleged criminal act? 

 

Hypothesis 1a: Among offenders who do go on to be charged with a new crime subsequent to the 

service of their sanction, offenders who have been subjected to intermediate sanctions as opposed 

to imprisonment will have a longer period of time before allegedly engaging in new criminal 

conduct.   

 

 

Descriptive statistics 

 

 This research question asks if revoking offenders who have engaged in acts of technical 

on-compliance while under supervision is more effective than subjecting them to an intermediate 

sanction in terms of delaying the commission of new crimes (as indicated by the filing of a 

criminal complaint) following the service of the sanction imposed.   

 Analysis began with the data set of 263 offenders revoked and 263 offenders subjected to 

intermediate sanctions who were matched via nearest neighbor matching with a caliper so as to 

answer Research Question 1.  However, as previously noted, these groups were reduced to 130 

and 191 subjects, respectively.  This leaves available a total of 321 subjects for a survival 

analysis examining time to arrest for a new crime post-sanction (“failure”).  Of the 130 subjects 

who had supervision revoked and reimposed, 32 (25 percent) were charged with a new crime 

while serving their reimposed term of supervision.  Of the 191 subjects who had been placed on 

an intermediate sanction and completed their sanction to continue with supervision, 17 (9 

percent) were charged with a new crime post-sanction. 

 The 32 offenders who had served terms of imprisonment as a sanction for technical non-

compliance and went on to be charged with new crimes were charged, on average, 12.6 months 

following release from imprisonment.  The 17 offenders who had been subjected to intermediate 
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sanctions and were charged with new crimes post-sanction were charged an average of 2.6 

months following service of their intermediate sanctions.  The relatively short time to new 

criminal complaint among the non-revoked group is undoubtedly a function of the small sample 

size and the fact that 7 of the 17 non-revoked offenders who were charged with new crimes were 

charged within a month of their completing their intermediate sanction, a time period when very 

close supervision of the offender would be likely. 

 

Key findings   

 Examining the effect of sanction type on time to new criminal complaint made use of a 

Cox proportional hazard model in which data were right-hand censored (i.e., some subjects made 

it to the end of their supervised release without having been charged with a new crime).  Because 

only 49 of the 321 subjects in this sample were arrested for new crimes post-sanction, however, 

the size of the sample presents a concern.  Adequate sample size for multivariable prediction 

models is often determined by a ratio of subjects with the outcome event to the number of 

predictors, commonly referred to as events-per-variable (EPV).  Guidelines for the number of 

EPV range in the literature from between 5 and 20, with 10 being a widely-accepted standard 

(Concato et al., 1995; Ogundimu, Altman & Collins, 2016; Vittinghoff & McCulloch, 2007).  

Much as in logistic regression analyses, studies with a relatively low number of events or 

predictors which seek to employ Cox models may encounter separation or monotone likelihood; 

during the iterative fitting process, the likelihood converges to a finite value while at least one 

parameter estimate diverges to infinity.  This may also occur in samples which are highly 

censored with several string covariates, or analyses which contain a large number of 

dichotomous covariates (Heinze & Schemper, 2001). 
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 Heinze & Schemper (2001) have extended the modified likelihood estimation method 

developed by Firth (1993) to reduce problems associated with monotone likelihood found in Cox 

models.  Fortunately, R has an add-on package specifically designed for this procedure, coxphf.  

Reported in Table 19 are the results of a traditional Cox proportional hazards model.  Reported 

in Table 20 are the results of a Cox proportional hazards model with Firth’s correction as 

calculated in the coxphf software.   

 In the traditional Cox model, the hazard ratio for having been incarcerated for committing 

a technical violation of supervision was 2.289.  This means that a subject who had his 

supervision revoked and was released to an additional term of supervision post-incarceration 

who has not yet been charged with a new crime by any given time has twice the chance of being 

charged with a new crime at the next point in time, compared to an offender who was subjected 

to an intermediate sanction for technical non-compliance (Spruance et al., 2004).   

 The model -2 log likelihood ratio is 502.31, x2 = 44.38, p < .01, suggesting that the 

covariates in the model significantly contribute to explaining time to new arrest post-sanction, 

compared to a null model.  Additionally, the model was examined to ensure that the assumption 

of proportional hazards could be upheld.  If a covariate fails this assumption, hazard ratios that 

increase over time may be overestimated and those that decrease over time may be 

underestimated.  Additionally, standard errors may be incorrect and significance tests are 

decreased in power (Box-Steffensmeier & Zorn, 2001).  The model was checked by inputting 

each covariate as a time-dependent variable, and none were found to be time-dependent with 

regard to their effect on the likelihood of incurring a new arrest over time.   
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Table 19. Results of Cox proportional hazards model predicting time to new criminal complaint 

(in months) following service of sanction.   
 

Covariate β 
 
 

SE 
 

            95% Confidence Interval 
 

  Lower                  HR                    Upper 

      
Age -.020 .017 .948 .980 1.014 
Gender (0 = Female) 13.029 311.933 .000 455217.640 -- 
Race (0 = Black) -.316 .386 .342 .729 1.554 
Employed (0 = No) -.191 .365 .404 .826 1.688 
Type Supervision  
    (0 = Probation) 

 
13.386 

 
333.191 

 
.000 

 
650553.228 

 
-- 

Criminal History Category .129 .097 .940 1.137 1.376 
Offense of Conviction  
  (0 = Drug) 

 
 

  

    Weapons -.652 .463 .210 .521 1.290 
    Violence -13.303 1334.958 .000 .000 -- 
    Theft/Fraud  .330 .626 .408 1.391 4.745 
    Other -12.983 434.746 .000 .000 -- 
Number of Violations -.092 .092 .762 .912 1.091 
Drug Use Violation (0 = No) .817 .435 .966 2.263 5.304 
Prior Court Notification  
  (0 = No) 

 
.426 

 
.326 

 
.807 

 
1.531 

 
2.903 

District (0 = New Jersey)    
  Massachusetts .211 .484 .478 1.235 3.190 
  Middle Pennsylvania -.145 .466 .347 .865 2.157 
  Middle North Carolina -.825 .643 .124 .438 1.546 
Type of Sanction  
  (0 = Intermediate Sanction) 

 
.828* 

 
.328 

 
1.203 

 
2.289 

 
4.355 

Length of supervision (days) .000* .000 1.000 1.000 1.000 
      

 
Note: -2LL = 502.31, x2 = 44.38, p < .01  
* p < .05, ** p < .01, *** p < .001 
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 The Firth’s Cox Regression model presented in Table 20 suggests that being on 

supervised release opposed to probation presents an increase in hazard rate, and being an 

offender in the Middle District of Pennsylvania also increases the hazard rate, controlling for all 

other covariates.  Consistent with the findings of the conventional Cox model, the hazard rate for 

a subject who had his supervision revoked and was released to an additional term of supervision 

post-incarceration was twice that of an offender who had been subjected to an intermediate 

sanction, controlling for all other variables. 
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Table 20. Results of Firth Cox proportional hazards model predicting time to new criminal 

complaint (in months) following service of sanction.   
 

Covariate β 
 
 

SE 
 

          95% Confidence Interval 
 

    Lower                HR                 Upper 

      
Age -0.019 .0173 .947 .981 1.014 
Gender (0 = Female) 2.238* 1.457 -- 9.378 1199.466 
Race (0 = Black) -0.300 .383 .343 .741 1.537 
Employed (0 = No) -0.176 .365 .404 .839 1.660 
Type Supervision  
    (0 = Probation) 

 
2.476* 

 
1.588 

 
1.045 

 
11.891 

 
1680.661 

Criminal History Category .127 .097 .939 1.135 1.373 
Offense of Conviction (0 = Drug)    
    Weapons -0.617 .464 .215 .539 1.286 
    Violence .246 1.584 .010 1.279 11.890 
    Theft/Fraud  .353 .613 .404 1.423 4.546 
    Other -1.563 1.535 .002 .210 1.905 
Number of Violations -0.086 .091 .765 .918 1.092 
Drug Use Violation (0 = No) .756 .433 .966 2.129 5.178 
Prior Court Notification (0 = No) .414 .328 .814 1.513 2.872 
District (0 = New Jersey)    
  Massachusetts .162 .480 .482 1.176 3.115 
  Middle Pennsylvania -0.170** .464 .347 .844 2.117 
  Middle North Carolina -0.764 .630 .127 .466 1.494 
Type of Sanction  
(0 = Intermediate Sanction) 

 
.783* 

 
.328 

 
1.174 

 
2.187 

 
4.166 

Length of supervision (days) .000* .000 1.000 1.000 1.000 
      

 
Note: Likelihood ratio = 44.722, p < .000  
* p < .05, ** p < .01, *** p < .001 

  



99 
 

 Table 21 is a life table listing the number of failures (i.e., arrests for new crimes in each 

month post-sanction) for the revoked and non-revoked groups.  (The life table includes “failures” 

beyond the censored 36-month time limit built into the Cox regressions.)  Some subjects were 

charged with new crimes within a month of completing their sanctions (as indicated by the time 

0 on the life table); the longest time to failure for any subject was 51 months post-sanction.  

 Finally, charts plotting the estimated survival time to the filing of a new criminal charge 

regressed on the covariates is presented in Figure 9.  Figure 10 displays survival time by revoked 

and non-revoked status. 

 Hypothesis 2 proposed that offenders who are incarcerated as a response to technical 

non-compliance and go on to commit new crimes post-sanction will have a shorter time to this 

“failure” compared to offenders subjected to an intermediate sanction.  While the group of 

offenders who were subjected to intermediate sanctions and went on to be arrested post-sanction 

had an average time to “failure” which was shorter than that of the offenders who were 

imprisoned and returned to supervision, the effect of imprisonment was found to increase the 

overall hazard ratio in terms of new criminal complaint post-sanction.  
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Table 21. Life table for Cox proportional hazards model indicating time to terminal event (new 

criminal complaint; in months) following service of sanction.   

 

 Number of Terminal Events 
During Interval 

Cumulative 
Proportion Surviving at End of Interval 

 
Interval  

(Months) 
Non-Revoked 

Offenders 
Revoked 

Offenders 
Non-Revoked 

Offenders 
Revoked 

Offenders 

     
0 7 3 .96 .98 
1 3 0 .95 .98 
2 4 6 .93 .93 
3 0 1 .93 .92 
4 0 7 .93 .87 
5 0 0 .93 .87 
6 1 1 .92 .86 
7 0 1 .92 .85 
8 0 2 .92 .84 
9 1 0 .92 .84 

10 0 0 .92 .84 

11 1 1 .91 .83 

12 0 2 .91 .82 

13 0 0 .91 .82 

14 0 0 .91 .82 

15 0 0 .91 .82 

16 0 0 .91 .82 

17 0 0 .91 .82 

18 0 0 .91 .82 

19 0 0 .91 .82 
20 0 3 .91 .79 
21 0 1 .91 .78 
22 0 0 .91 .78 
23 0 0 .91 .78 
24 0 0 .91 .78 
-- -- -- -- -- 
47 0 1 .91 .78 
-- -- -- -- -- 
51 0 3 .91 .75 
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Figure 9.  Estimated survival function of time to new criminal charge (in months) on predictors. 

 
 

 

Figure 10.  Estimated survival function of time to new criminal charge (in months), by revoked 

and not revoked status. 

 

 

 



102 
 

Research Question 2: Which response to acts of technical non-compliance on the part of 

offenders under supervision – incarceration or the imposition of an intermediate sanction – is 

more effective as a specific deterrent in terms of deterring the commission of subsequent acts of 

technical non-compliance (as indicated by the filing of a petition alleging subsequent technical 

non-compliance), following service of the punishment imposed? 

 

Hypothesis 2: Offenders who have been subjected to intermediate sanctions as opposed to 

imprisonment will be less likely to engage in new technical non-compliance within the three-year 

period following service of their sanction.   

 

 

 

Descriptive statistics 

 

 This research question considers the effect of imprisonment and intermediate sanctions 

with regard to deterring the commission of additional acts of technical non-compliance following 

completion of the respective sanction.   

 Of the 321 matched subjects available for study, 130 were offenders who had been 

incarcerated for technical non-compliance and were ordered to serve reimposed terms of 

supervision and 191 were those who had completed intermediate sanctions and were continuing 

with their terms of supervision (this is the same group of subjects used to answer Research 

Questions 1 and 1a).  A total of 140 offenders in the sample of 321 (44 percent) went on to 

record additional acts of technical non-compliance.  This consists of 54 of the 191 (28 percent) 

who had been subjected to an intermediate sanction and 86 of the 130 (66 percent) who were 

serving reimposed terms of supervision after having been incarcerated.  A Pearson chi-square 

test indicates that this is a significant difference between the groups (x2 (1) = 45.137, p < .001), 

and suggests that offenders who were incarcerated as a result of technical violations are more 

likely to engage in additional technical violations post-sanction than offenders subjected to 

intermediate sanctions.  
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 Descriptive statistics for subjects across treatments and by whether or not they committed 

additional acts of technical non-compliance post-sanction are presented in Table 22. 

Table 22. Descriptive statistics for matched revoked and non-revoked offenders in the sample 

who served terms of supervision post-sanction, by whether or not they were charged with acts of 

technical non-compliance. 

 

 No Technical Non-
Compliance Post-Sanction 

(n = 181) 

Technical Non-Compliance 
Post-Sanction 

(n= 140) 

    
District of supervision   
  NJ % of total (n) 21.5 (39) 17.9 (25) 
  MA % of total (n)  23.8 (43)  42.1 (59) 
  MD/PA % of total (n) 36.5 (66) 25.0 (35) 
  MD/NC % of total (n) 18.2 (33) 15.0 (21) 
Offender age (�̅�, SD) 36.25 (9.37) 37.61 (8.89) 
Offender gender   
  % Male (n) 77.3 (140) 97.1 (136) 
  % Female (n) 22.7 (41) 2.9 (4) 
Offender race   
  % Black (n) 55.8 (101)   55.0 (77) 
  % White/Other (n)  44.2 (80)   45.0 (63) 
Offender employment status   
  % Employed (n) 63.0 (114) 69.3 (97) 
  % Unemployed (n) 37.0 (67) 30.7 (43) 
Type of Supervision   
  % Supervised Release (n)   
  % Probation (n)   
CHC (�̅�, SD) 3.13 (1.70) 3.41 (1.67) 
Offense of conviction   
  % Drugs (n) 44.2 (80) 60.7 (85) 
  % Violence (n) 17.1 (31) 31.4 (44) 
  % Weapons (n) 1.1 (2) 1.4 (2) 
  % Fraud/Finance (n) 29.8 (54) 4.3 (6) 
  % Other (n) 7.7 (14) 2.1 (3) 
Number of charged violations (�̅�, SD) 3.0 (1.7) 3.3 (1.9) 
Violation includes allegation of drug  
  use 

  

  % Yes (n) 61.9 (112) 77.1 (108) 
  % No (n) 38.1 (69) 22.9 (32) 
Prior Court notification   
  % Yes (n) 31.5 (57) 59.3 (83) 
  % No (n) 68.5 (124) 40.7 (57) 
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Key findings 

 A logistic regression analysis was conducted so as to examine the likelihood of an 

offender being charged with an additional technical violation of supervision following service of 

a sanction (either revocation and imprisonment or an intermediate sanction), given covariates.  

The results are presented in Table 23.  The Hosmer and Lemeshow chi-square test indicated that 

the overall model was not significant in predicting additional technical non-compliance.  

However, several individual covariates did have predictive value.  Most notably, having been 

incarcerated for a technical violation resulted in an offender being nearly five times more likely 

to be charged with a subsequent technical violation compared to having been subjected to an 

intermediate sanction, controlling for all other covariates (β  = 1.587,  p < .001).  Having been 

the subject of previous notifications to the Court (β = .669, p < .05) and being a male (β = 1.789, 

p < .01) were also found to increase the likelihood of being charged with additional technical 

violations.  Offenders whose predicate violations contained an allegation of drug use were more 

than twice as likely to be charged with subsequent technical violations than those who weren’t 

charged with drug-related violations, controlling for all other covariates (β =.743, p < .05).  The 

model was assessed for multicollinearity and no variance inflation factor exceeded 2.4, 

suggesting no concerns regarding multicollinearity (Myers, 1990). 
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Table 23. Logistic regression model predicting likelihood of being charged with additional 

technical violation of supervision following service of sanction for technical violation.   
  

Covariate β 
 
 

SE 
 

95% CI for Odds Ratio 
 

  Lower          OR               Upper 

      
Age .024 .017 .991 1.024 1.058 
Gender (0 = Female) 1.789** .638 1.713 5.983 20.903 
Race (0 = Black) -.050 .344 .484 .952 1.869 
Employed (0 = No) -.408 .339 .342 .665 1.291 
Type Supervision  
    (0 = Probation) 

 
1.572 

 
.886 

 
.847 

 
4.815 

 
27.357 

Criminal History Category .065 .090 .894 1.067 1.274 
Offense of Conviction (0 = Drug)    
    Weapons .564 .415 .780 1.758 3.963 
    Violence .955 1.075 .316 2.599 21.381 
    Theft/Fraud  -1.518** .558 .073 .219 .654 
    Other -1.120 .974 .048 .326 2.202 
Number of Violations -.028 .086 .822 .973 1.150 
Drug Use Violation (0 = No) .743* .349 1.061 2.103 4.167 
Prior Court Notification (0 = No) .669* .318 1.047 1.952 3.638 
District (0 = New Jersey)    
  Massachusetts .100 .490 .423 1.105 2.888 
  Middle Pennsylvania -.316 .463 .294 .729 1.808 
  Middle North Carolina -.603 .537 .191 .547 1.567 
Type of Sanction  
  (0 = Intermediate Sanction) 

 
1.587*** 

 
.319 

 
2.616 

 
4.891 

 
9.148 

Length of supervision (days) .000*** .000 1.000 1.000 1.000 
      
Constant -5.487 1.422  .004  
      

 
Note: R2 = .333 (Cox & Snell), .446 (Nagelkerke), Model x2 = 11.86, p = ns 
* p < .05, ** p < .01, *** p < .001 
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 A Rosenbaum sensitivity analysis was conducted so as to determine what amount of 

hidden bias would be needed to change inferences about the observed treatment effect.  

Assuming no hidden bias, the treatment effect is not significant at the .05 level.  This suggests 

that the observed effect of sanction choice on the likelihood of new technical non-compliance 

following service of the sanction is likely due to some unobserved covariate.  The results are 

presented in Table 24.   

 

Table 24. Results of Rosenbaum sensitivity test for Research Question 2. 

 

Gamma (Γ) Lower bound Upper bound 

   
1.0 0.08727 0.08727 
1.1 0.02742 0.21304 
1.2 0.00748 0.38823 
1.3 0.00184 0.57368 
1.4 0.00042 0.73212 
1.5 0.00009 0.84645 
1.6 0.00002 0.91864 
1.7 0.00000 0.95963 
1.8 0.00000 0.98103 
1.9 0.00000 0.99147 
2.0 0.00000 0.99630 
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Research Question 2a.  Among offenders who have been sanctioned for technical non-

compliance and do go on to be charged with new acts of technical non-compliance following 

service of their sanctions, which response to technical non-compliance on the part of offenders 

under supervision – incarceration or the imposition of an intermediate sanction – will be more 

effective as a specific deterrent in terms of extending the time to new technical non-compliance 

(as indicated by the filing of a petition alleging new technical non-compliance)? 

 

Hypothesis 2a.  Hypothesis 2a predicts that among offenders who do go on to be charged with new 

acts of technical non-compliance post-sanction, offenders who have been subjected to intermediate 

sanctions as opposed to imprisonment will have had a longer time (in months) to alleged 

subsequent non-compliance.   
 

Descriptive statistics 

 As an ancillary question to Research Question 2, Research Question 2a examines how the 

effects of imprisonment and intermediate sanction differ with regard to delaying the commission 

of a subsequent act of technical non-compliance. 

 The 54 offenders who had been subjected to intermediate sanctions and were charged 

with new acts of technical non-compliance post-sanction were charged an average of 10.5 

months following service of their intermediate sanctions.  The 86 offenders who had served 

terms of imprisonment as a sanction for technical non-compliance and went on to be charged 

with new acts of technical non-compliance post-sanction were charged, on average, 16.9 months 

following release from imprisonment.  

 

Key findings 

 To answer this research question, a Cox proportional hazard model was constructed so as 

examine the effect of the different sanctions on time to the commission of a subsequent technical 

supervision violation. 
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 Presented in Table 25, the analysis suggests that an offender who had his supervision 

revoked and was released to a subsequent period of supervision who has not yet been charged 

with a new crime by any given time has nearly twice the chance of being charged with a new 

crime at the next point in time (in one-month increments), compared to an offender who was 

subjected to an intermediate sanction for technical non-compliance.  Employment status at time 

of sanctioning was found to also affect time to subsequent technical non-compliance, but in the 

opposite direction.  Offenders who were employed at the time of adjudication of their technical 

violations committed subsequent acts of technical non-compliance at half the rate of offenders 

who were unemployed.  Failure rates are presented in the life table at Table 26.  Figure 11 and 

Figure 12 are line charts displaying estimated survival function of time to new technical non-

compliance (in months) on all predictors and by sanction type, respectively.   
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Table 25. Results of Cox proportional hazards model predicting time to new technical violation 

(in months) following service of sanction.   
 

Covariate β 
 
 

SE 
 

           95% Confidence Interval 
 

   Lower               HR                Upper 

      
Age .011 .010 .991 1.011 1.032 
Gender (0 = Female) 1.667** .536 1.851 5.296 15.152 
Race (0 = Black) .148 .215 .760 1.160 1.770 
Employed (0 = No) -.618** .211 .357 .539 .815 
Type Supervision  
    (0 = Probation) 

 
1.285 

 
.778 

 
.787 

 
3.615 

 
16.614 

Criminal History Category .068 .055 .961 1.070 1.192 
Offense of Conviction  
  (0 = Drug) 

   

    Weapons -.027 .254 .592 .974 1.601 
    Violence .021 .050 .925 1.021 5.553 
    Theft/Fraud  -1.263** .463 .114 .283 .701 
    Other -.533 .630 .171 .587 2.017 
Number of Violations .021 .050 .925 1.021 1.127 
Drug Use Violation (0 = No) .525* .234 1.068 1.690 2.674 
Prior Court Notification  
  (0 = no) 

 
.391 

 
.211 

 
.978 

 
1.478 

 
2.236 

District (0 = New Jersey)    
  Massachusetts .018 .272 .598 1.018 1.734 
  Middle Pennsylvania -.323 .288 .412 .724 1.274 
  Middle North Carolina -.127 .320 .471 .881 1.648 
Type of Sanction  
  (0 = Intermediate Sanction) 

 
.623** 

 
.190 

 
1.284 

 
1.865 

 
2.709 

Length of supervision (days) .000 .000 1.000 1.000 1.000 
      

 
Note: -2LL = 1404.085, x2 = 98.64, p < .001  
* p < .05, ** p < .01, *** p < .001 
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Table 26. Life table for Cox proportional hazards model indicating time to terminal event (new 

technical non-compliance; in months) following service of sanction.   

 

 Number of Terminal Events 
During Interval 

Cumulative 
Proportion Surviving at End of Interval 

 
Interval  

(Months) 
Non-Revoked 

Offenders 
Revoked 

Offenders 
Non-Revoked 

Offenders 
Revoked 

Offenders 

     
0 7 6 .96 .95 
1 13 8 .89 .89 
2 8 13 .84 .79 
3 4 7 .82 .74 
4 6 11 .78 .65 
5 0 1 .78 .65 
6 0 6 .78 .60 
7 9 1 .73 .59 
8 0 10 .73 .52 
9 0 5 .73 .48 

10 0 0 .73 .48 

11 1 0 .72 .48 

12 0 4 .72 .45 

13 0 0 .72 .45 

14 1 0 .72 .45 

15 0 0 .72 .45 

16 4 2 .69 .43 

17 0 0 .69 .43 

18 0 0 .69 .43 

19 0 0 .69 .43 
20 0 0 .69 .43 
21 0 0 .69 .43 
22 0 0 .69 .43 
23 0 0 .69 .43 
24 0 0 .69 .43 
25 0 3 .69 .41 
-- -- -- -- -- 
36 0 6 .69 .36 
-- -- -- -- -- 

120 1 3 .68 .32 
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Figure 11.  Estimated survival function of time to new technical non-compliance (in months) on 

predictors. 

 

 

 

Figure 12.  Estimated survival function of time to new technical non-compliance, by revoked 

and not revoked (i.e., intermediate sanction) status. 

  



112 
 

Research Question 3: Which intermediate sanction commonly made available to U.S. probation 

officers for addressing technical non-compliance on the part of offenders under supervision – 

placing them in a residential reentry center or placing them under home confinement – will be 

more effective at averting alleged subsequent technical violations (as indicated by the filing of 

a petition alleging subsequent non-compliance) during service of the sanction? 

 

Hypothesis 3: It is hypothesized that offenders serving sanctions in residential reentry centers will 

be more likely to be charged with subsequent technical violations during service of those sanctions 

than offenders serving terms of home confinement.   

 

 

Descriptive statistics 

 Presented in Table 27 are descriptive statistics for the 625 non-revoked subjects in the 

sample, grouped by whether they were subjected to residential reentry center placement or home 

confinement.  A total of 175 subjects in the original sample of 1,135 were subjected to reentry 

center placement as a response to technical non-compliance and 450 subjects were ordered to 

complete terms of home confinement as a response to technical non-compliance.  Tests of 

differences between the groups revealed several key differences.  A chi-square test revealed that 

males were more likely to be placed into residential reentry centers as a result of technical non-

compliance and females were considerably more likely to be ordered to serve periods of home 

confinement (x2 = 10.69(1), p < .01; Cramer’s V = 10.69).  Additionally, employed offenders 

were more likely to receive sanctions of home confinement than unemployed offenders (x2 = 

36.52 (1), p < .001; Cramer’s V = .242). 
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Table 27. Descriptive statistics and results of tests of bivariate association for non-revoked 

offenders in the sample (n=625) by type of type of intermediate sanction served.  

 

 Ordered into 
Reentry Center 

(n = 175) 

Placed on Home 
Confinement 

(n = 450) 

Pearson’s 
Chi-Square 

(Cramer’s V) 

t-test 

      
District of supervision   87.327*** 

(.374) 
 

  NJ % of total (n) 16.0 (28) 4.7 (21)   
  MA % of total (n)  24.0 (42) 25.3 (114)   
  MD/PA % of total (n) 12.6 (22) 47.3 (213)   
  MD/NC % of total (n) 47.4 (83) 22.7 (102)   
Offender age (�̅�, SD) 34.24 (7.58) 35.90(8.65)  2.23 
Offender gender   10.69** 

(.131) 
 

  % Male (n) 93.7 (164) 83.8 (377)   
  % Female (n) 6.3 (11) 16.2 (73)   
Offender race     
  % Black (n) 70.3 (123) 52.9 (238)   
  % White/Other (n)  29.7 (52) 47.1 (212)   
Employment status at 
disposition of violation 

  36.52*** 
(.242) 

 

  % Employed (n) 79.4 (139) 53.1 (239)   
  % Unemployed (n) 20.6 (36) 46.9 (211)   
Type of Supervision   1.03 

(.041) 
 

  % Supervised Release (n) 90.9 (159) 88.0 (396)   
  % Probation (n) 9.1 (16) 12.0 (54)   
CHC (�̅�, SD) 2.99 (1.67) 3.10 (1.65)  .688 
Offense of conviction   6.32 

(.101) 
 

  % Drugs (n) 54.9 (96) 55.8 (251)   
  % Violence (n) 6.9 (12) 10.2 (46)   
  % Weapons (n) 12.6 (22) 15.3 (69)   
  % Fraud/Finance (n) 22.3 (39) 14.9 (67)   
  % Other (n) 3.4 (6) 3.8 (17)   
Number of charged 
violations (�̅�, SD) 

2.75 (1.63) 2.47 (1.55)  -2.04 

Violation includes 
allegation of drug use 

  1.01 
(.040) 

 

  % Yes (n) 71.4 (125) 75.3 (339)   
  % No (n) 28.6 (50) 24.7 (111)   
Prior Court notification   4.00* 

(.080) 
 

  % Yes (n) 37.1 (65) 28.9 (130)   
  % No (n) 62.9 (110) 71.1 (320)   
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Propensity score matching 

 This research question required the construction of additional matched groups; offenders 

subjected to residential reentry center placement (the “treated” group) and those sentenced to 

serve periods of home confinement (the “untreated” group).  As with Research Question 1, 

different matching techniques (nearest neighbor, nearest neighbor with caliper, optimal and 

genetic) were utilized so as to determine which technique would produce the most closely-

balanced groups.  Once again, the ability of each method to create closely-matched groups was 

assessed by examining standardized mean differences between the groups on each of the 

covariates, and the specificity of each propensity score model was assessed using a Receiver 

Operating Characteristics (ROC) curve, computed using the propensity score predicting group 

assignment.   

 First used was nearest neighbor matching.  Table 28 lists the results of covariate balance 

achieved via this matching method.  Of the 18 variables in the model, only 8 could be matched 

within .1 standardized mean difference and another 8 could be matched within .25 standardized 

mean difference.  This matching procedure, of course, allows for each treated subject (offender 

placed in a residential reentry center) to be matched to a non-treated subject (offender ordered to 

serve a period of home confinement). 

 A jitter plot (Figure 13) and histogram (Figure 14) provide visual representation of the 

distribution of propensity scores in the groups before and after having been matched using 

nearest neighbor matching with a caliper. 

 The Area Under Curve (AUC) estimate was .69, indicating the model and its covariates 

were moderately strong predictors of group assignment, even after nearest neighbor matching 

was conducted.  
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Table 28. Summary of balance for offenders subjected to residential reentry center (RRC) 

placement and home confinement (HC); before and after nearest neighbor matching. 

 

 

 Before Matching  After Matching 

 
 Mean RRC 

(n=175) 
 

Mean HC  
(n=450) 

 

Stand. 
Mean 
Diff. 

 Mean RRC 
(n=175) 

 

Mean HC 
(n=175) 

 

Stand. 
Mean 
Diff. 

Percent 
balance 

Improvement 
(Stand.  

mean diff.) 

Age 34.240 35.900 -0.219  34.240 35.029 -0.104 53.16 
Gender 
 (0 = Female) 

 
.937 

 
.838 

 
.408 

  
.937 

 
.874 

 
.258 

 
36.74 

Race 
 (0 = Black) 

 
.703 

 
.529 

 
.380 

  
.703 

 
.537 

 
.362 

 
4.74 

Employment 
 (0 = No) 

 
.206 

 
.469 

 
-0.649 

  
.206 

 
.291 

 
-.211 

 
67.43 

Typ Supv. 
 (0 = Prob.) 

 
.909 

 
.880 

 
.099 

  
.909 

 
.886 

 
.079 

 
20.00 

 
CHC 

 
2.994 

 
3.096 

 
-0.061 

  
2.994 

 
3.006 

 
-0.007 

 
88.71 

Drug  
  Offense     

 
.549 

 
.558 

 
-0.018 

  
.549 

 
.514 

 
.069 

 
-272.41 

Viol  
  Offense 

 
.069 

 
.102 

 
-0.133 

  
.069 

 
.097 

 
-0.113 

 
15.09 

Weapons   
  Offense 

 
.126 

 
.153 

 
-0.083 

  
.126 

 
.131 

 
-0.017 

 
79.31 

Fraud   
  Offense 

 
.223 

 
.149 

 
0.177 

  
.223 

 
.223 

 
.000 

 
100.00 

Other  
  Offense 

 
.034 

 
.038 

 
-0.019 

  
.034 

 
.034 

 
.000 

 
100.00 

Num.   
  violations 

 
2.754 

 
2.469 

 
.175 

  
2.754 

 
2.743 

 
.007 

 
96.00 

Drug  
  violation 

 
.714 

 
.753 

 
-0.086 

  
.714 

 
.629 

 
.189 

 
-119.51 

Prior  
  notification 

 
.371 

 
.289 

 
.170 

  
.371 

 
.406 

 
-.071 

 
58.46 

District  
  NJ 

 
.160 

 
.047 

 
.308 

  
.160 

 
.120 

 
.109 

 
64.71 

District  
  MA 

 
.240 

 
.253 

 
-0.031 

  
.240 

 
.291 

 
-0.120 

 
-285.71 

District    
  MDPA 

 
.126 

 
.473 

 
-1.046 

  
.126 

 
.194 

 
-.206 

 
80.27 

District  
  MDNC 

 
.474 

 
.227 

 
0.495 

  
.474 

 
.394 

 
.160 

 
67.69 
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Figure 13. Jitter plot of distribution of propensity scores for offenders subjected to residential 

reentry center (RRC) placement and home confinement (HC); before and after nearest neighbor 

matching.  

 

 

 
 

 

Figure 14. Histograms of distribution of propensity scores for offenders subjected to residential 

reentry center (RRC) placement and home confinement (HC); before and after nearest neighbor 

matching.  
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 Presented in Table 29 are the results of balance after utilizing nearest neighbor matching 

with a caliper (.25) to construct comparison groups.  This method appears to have performed 

considerably better than nearest neighbor matching, as 12 of the covariates were balanced post-

matching within .1 standardized mean difference and all of the remaining covariates were 

balanced within .25 standardized mean difference.  Again, because nearest neighbor matching 

with a caliper is a more stringent method of matching than simply nearest neighbor matching, 

this technique produced a smaller sample; there were 127 treated subjects matched to 127 non-

treated subjects. 

 A jitter plot and histogram (Figures 15 and 16, respectively) provide visual representation 

of the distribution of propensity scores in the groups before and after having been matched using 

nearest neighbor matching with a caliper. 

 The Area Under Curve (AUC) estimate was .55, indicating the model and its covariates 

were poor predictors of assignment into either the revoked or non-revoked group after nearest 

neighbor matching with a caliper.  This suggests that this matching method produced groups that 

varied little from each other, approximating random assignment.  

 Finally, the measure of balance advocated by Hansen and Bowers (2008) was calculated.  

The resulting chi-square test found the groups to be adequately balanced post-matching; x2(16) = 

8.21, p = .943. 
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Table 29. Summary of balance for offenders subjected to residential reentry center (RRC) 

placement and home confinement (HC); before and after nearest neighbor matching with caliper 

(.25). 

 

 

 Before Matching  After Matching 

 
 Mean RRC 

(n=175) 
 

Mean HC  
(n=450) 

 

Stand. 
Mean 
Diff. 

 Mean RRC 
(n=127) 

 

Mean HC 
(n=127) 

 

Stand. 
Mean 
Diff. 

Percent 
balance 

Improvement 
(Stand.  

mean diff.) 

Age 34.240 35.900 -0.219  34.724 34.575 .020 90.99 
Gender 
 (0 = Female) 

 
.937 

 
.838 

 
.408 

  
.913 

 
.945 

 
-.129 

 
68.30 

Race 
 (0 = Black) 

 
.703 

 
.529 

 
.380 

  
.622 

 
.591 

 
.069 

 
81.90 

Employment 
 (0 = No) 

 
.206 

 
.469 

 
-0.649 

  
.252 

 
.228 

 
.058 

 
91.02 

Typ Supv. 
 (0 = Prob.) 

 
.909 

 
.880 

 
.099 

  
.906 

 
.937 

 
-.109 

 
-10.24 

 
CHC 

 
2.994 

 
3.096 

 
-0.061 

  
3.118 

 
2.858 

 
.156 

 
-156.58 

Drug  
  Offense     

 
.549 

 
.558 

 
-0.018 

  
.528 

 
.591 

 
-.126 

 
-584.22 

Viol  
  Offense 

 
.069 

 
.102 

 
-0.133 

  
.095 

 
.102 

 
-.031 

 
76.60 

Weapons    
  Offense 

 
.126 

 
.153 

 
-0.083 

  
.142 

 
.126 

 
.047 

 
42.98 

Fraud   
  Offense 

 
.223 

 
.149 

 
0.177 

  
.189 

 
.142 

 
.113 

 
36.13 

Other  
  Offense 

 
.034 

 
.038 

 
-0.019 

  
.047 

 
.039 

 
.043 

 
-125.48 

Num.  
  violations 

 
2.754 

 
2.469 

 
.175 

  
2.630 

 
2.654 

 
-0.015 

 
91.72 

Drug  
  violation 

 
.714 

 
.753 

 
-0.086 

  
.677 

 
.717 

 
-0.087 

 
-.83 

Prior  
  notification 

 
.371 

 
.289 

 
.170 

  
.370 

 
.386 

 
-0.033 

 
80.92 

District  
  NJ 

 
.160 

 
.047 

 
.308 

  
.126 

 
.095 

 
.086 

 
72.21 

District  
  MA 

 
.240 

 
.253 

 
-0.031 

  
.268 

 
.244 

 
.055 

 
-77.17 

District   
  MDPA 

 
.126 

 
.473 

 
-1.046 

  
.173 

 
.252 

 
-0.237 

 
77.35 

District  
  MDNC 

 
.474 

 
.227 

 
0.495 

  
.433 

 
.409 

 
.047 

 
90.46 
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Figure 15. Jitter plot of distribution of propensity scores for offenders subjected to residential 

reentry center (RRC) placement and home confinement (HC); before and after nearest neighbor 

matching with caliper (.25).  

 

 
 

 

Figure 16. Histograms of distribution of propensity scores for offenders subjected to residential 

reentry center (RRC) placement and home confinement (HC); before and after nearest neighbor 

matching with caliper (.25).  
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 Optimal matching was also used to construct comparison groups.  The results are 

presented in Table 30.  Using optimal matching, 9 of the covariates could be matched within .1 

standardized mean difference and 6 others were matched within .25 standardized mean 

difference.   

 A jitter plot and histogram (Figures 17 and 18, respectively) provide visual representation 

of the distribution of propensity scores in the groups before and after having been matched using 

optimal matching. 

 The Area Under Curve (AUC) estimate was .69, indicating the model constructed via 

optimal matching was of moderate strength in predicting treatment assignment.  Optimal 

matching did not produce groups as closely-matched as did the technique using nearest neighbor 

matching with a caliper.    
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Table 30. Summary of balance for offenders subjected to residential reentry center (RRC) 

placement and home confinement (HC); before and after optimal matching. 

 

 

 Before Matching  After Matching 

 
 Mean RRC 

(n=175) 
 

Mean HC  
(n=450) 

 

Stand. 
Mean 
Diff. 

 Mean RRC 
(n=175) 

 

Mean HC 
(n=175) 

 

Stand. 
Mean 
Diff. 

Percent 
balance 

Improvement 
(Stand.  

mean diff.) 

Age 34.240 35.900 -0.219  34.240 35.75 -0.200 8.79 
Gender 
 (0 = Female) 

 
.937 

 
.838 

 
.408 

  
.937 

 
.869 

 
.282 

 
30.99 

Race 
 (0 = Black) 

 
.703 

 
.529 

 
.380 

  
.703 

 
.531 

 
.374 

 
1.46 

Employment 
 (0 = No) 

 
.206 

 
.469 

 
-0.649 

  
.206 

 
.286 

 
-0.197 

 
69.60 

Typ Supv. 
 (0 = Prob.) 

 
.909 

 
.880 

 
.099 

  
.909 

 
.880 

 
.099 

 
0.000 

 
CHC 

 
2.994 

 
3.096 

 
-0.061 

  
2.994 

 
2.977 

 
.010 

 
83.07 

Drug  
  Offense     

 
.549 

 
.558 

 
-0.018 

  
.549 

 
.629 

 
.046 

 
-148.28 

Viol  
  Offense 

 
.069 

 
.102 

 
-0.133 

  
.069 

 
.091 

 
-0.090 

 
32.08 

Weapons   
  Offense 

 
.126 

 
.153 

 
-0.083 

  
.126 

 
.120 

 
0.017 

 
79.31 

Fraud  
  Offense 

 
.223 

 
.149 

 
0.177 

  
.223 

 
.229 

 
-0.014 

 
92.27 

Other  
  Offense 

 
.034 

 
.038 

 
-0.019 

  
.034 

 
.034 

 
0.000 

 
100.00 

Num.  
  violations 

 
2.754 

 
2.469 

 
.175 

  
2.754 

 
2.743 

 
.007 

 
96.00 

Drug  
  violation 

 
.714 

 
.753 

 
-0.086 

  
.714 

 
.629 

 
.189 

 
-119.51 

Prior  
  notification 

 
.371 

 
.289 

 
.170 

  
.371 

 
.423 

 
-0.106 

 
37.69 

District  
  NJ 

 
.160 

 
.047 

 
.308 

  
.160 

 
.120 

 
.109 

 
64.71 

District  
  MA 

 
.240 

 
.253 

 
-0.031 

  
.240 

 
.257 

 
-0.040 

 
-28.57 

District     
  MDPA 

 
.126 

 
.473 

 
-1.046 

  
.126 

 
.217 

 
-0.275 

 
73.70 

District  
  MDNC 

 
.474 

 
.227 

 
0.495 

  
.474 

 
.406 

 
.137 

 
72.31 
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Figure 17. Jitter plot of distribution of propensity scores for offenders subjected to residential 

reentry center (RRC) placement and home confinement (HC); before and after optimal matching.  

 

 
 

 

Figure 18. Histograms of distribution of propensity scores for offenders subjected to residential 

reentry center (RRC) placement and home confinement (HC); before and after optimal matching.  
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 Finally, matching was done using the genetic matching method.  The results are provided 

in Table 31 and 14 of the covariates were balanced with .1 standardized mean difference and all 

but one were balanced within .25 standardized mean difference.  Notably, this technique resulted 

in the smallest of all samples, matching 175 subjects who were ordered to serve a sanction in a 

residential reentry center with 76 subjects ordered to serve periods of home confinement. 

 A jitter plot (Figure 19) and histogram (Figure 20) provide visual representation of the 

distribution of propensity scores in the groups before and after having been matched using 

genetic matching. 

 The Area Under Curve (AUC) estimate was .66, indicating the model and its covariates 

were of moderate strength in predicting assignment into either the revoked or non-revoked 

group, even after matching was done using the genetic technique.   
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Table 31. Summary of balance for offenders subjected to residential reentry center (RRC) 

placement and home confinement (HC); before and after genetic matching. 

 

 Before Matching  After Matching 

 
 Mean RRC 

(n=175) 
 

Mean HC  
(n=450) 

 

Stand. 
Mean 
Diff. 

 Mean RRC 
(n=175) 

 

Mean HC 
(n=76) 

 

Stand. 
Mean 
Diff. 

Percent 
balance 

Improvement 
(Stand.  

mean diff.) 

Age 34.240 35.900 -0.219  34.240 34.79 -0.072 66.95 
Gender 
 (0 = Female) 

 
.937 

 
.838 

 
.408 

  
.937 

 
.874 

 
0.258 

 
36.74 

Race 
 (0 = Black) 

 
.703 

 
.529 

 
.380 

  
.703 

 
.714 

 
-0.025 

 
93.43 

Employment 
 (0 = No) 

 
.206 

 
.469 

 
-0.649 

  
.206 

 
.200 

 
.014 

 
97.83 

Typ Supv. 
 (0 = Prob.) 

 
.909 

 
.880 

 
.099 

  
.909 

 
.869 

 
.138 

 
-40.00 

 
CHC 

 
2.994 

 
3.096 

 
-0.061 

  
2.994 

 
2.874 

 
.072 

 
-18.50 

Drug  
  Offense     

 
.549 

 
.558 

 
-0.018 

  
.549 

 
.589 

 
-0.080 

 
-334.48 

Viol  
  Offense 

 
.069 

 
.102 

 
-0.133 

  
.069 

 
.069 

 
.000 

 
100.00 

Weapons   
  Offense 

 
.126 

 
.153 

 
-0.083 

  
.126 

 
.126 

 
.000 

 
100.00 

Fraud  
  Offense 

 
.223 

 
.149 

 
0.177 

  
.223 

 
.183 

 
.096 

 
45.92 

Other  
  Offense 

 
.034 

 
.038 

 
-0.019 

  
.034 

 
.034 

 
.000 

 
100.00 

Num.  
  violations 

 
2.754 

 
2.469 

 
.175 

  
2.754 

 
2.56 

 
.119 

 
31.92 

Drug  
  violation 

 
.714 

 
.753 

 
-0.086 

  
.714 

 
.766 

 
-0.114 

 
-31.71 

Prior  
  notification 

 
.371 

 
.289 

 
.170 

  
.371 

 
.417 

 
-0.094 

 
44.62 

District  
  NJ 

 
.160 

 
.047 

 
.308 

  
.160 

 
.160 

 
.000 

 
100.00 

District  
  MA 

 
.240 

 
.253 

 
-0.031 

  
.240 

 
.246 

 
-0.013 

 
57.14 

District    
  MDPA 

 
.126 

 
.473 

 
-1.046 

  
.126 

 
.154 

 
-0.086 

 
91.78 

District  
  MDNC 

 
.474 

 
.227 

 
0.495 

  
.474 

 
.440 

 
0.069 

 
86.15 
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Figure 19. Jitter plot of distribution of propensity scores for offenders subjected to residential 

reentry center (RRC) placement and home confinement (HC); before and after genetic matching.  

 

 
 

 

Figure 20. Histograms of distribution of propensity scores for offenders subjected to residential 

reentry center (RRC) placement and home confinement (HC); before and after genetic matching.  
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Key findings  

 Because it produced the most closely-balanced dataset, the sample constructed via nearest 

neighbor matching with a caliper was used to answer this research question.  A logistic 

regression analysis was conducted; the outcome is whether or not a subject would engage in an 

act of technical non-compliance while serving an intermediate sanction, given the particular type 

of intermediate sanction employed.  Because this question is concerned with activity occurring 

during a particular time period (i.e., service of a given sanction), length of sanction was entered 

into the model as a control variable.  The results are presented in Table 32. 

 The analysis found that offenders serving time in a residential reentry center opposed to 

home confinement were 10 times more likely to be charged with a technical violation during 

service of the sanction (β = 2.385, p < .001).  Additionally, offenders whose predicate 

convictions had been for violent crimes (compared to the reference category, drug-related 

convictions) were 15 times more likely to be charged with technical infractions while serving an 

intermediate sanction (β = 2.715, p < .001) and offenders whose predicate convictions were for 

weapons-related offenses were 3.5 times more likely than those convicted of drug offenses to be 

charged with technical violations while serving intermediate sanctions (β = 1.267, p < .05).  

Another noteworthy finding was that non-black offenders were approximately 65% less likely 

than black offenders to be charged with technical infractions while serving intermediate 

sanctions, controlling for all other covariates (β = 1.000, p < .05).  The model R2 is .415 and no 

variance inflation factor approached 10, suggesting no concerns that multicollinearity may be 

biasing the model (Myers, 1990).  
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Table 32. Logistic regression model predicting likelihood of being charged with an act of 

technical non-compliance while serving an intermediate sanction (residential reentry center 

placement vs. home confinement).  
  

Covariate β 
 
 

SE 
 

95% CI for Odds Ratio 
 

  Lower          OR               Upper 

      
Age -.007 .024 .955 .996 1.041 
Gender (0 = Female) -.489 1.175 .061 .613 6.138 
Race (0 = Black) -1.000* .448 .153 .368 .886 
Employed (0 = No) -.324 .480 .282 .723 1.854 
Type Supervision  
    (0 = Probation) 

 
-.595 

 
1.386 

 
.036 

 
.552 

 
8.350 

Criminal History Category .049 .121 .828 1.050 1.331 
Offense of Conviction (0 = Drug)    
    Weapons 1.267* .584 1.131 3.552 11.153 
    Violence 2.715*** .741 3.534 15.111 64.605 
    Theft/Fraud  .175 .745 .277 1.192 5.129 
    Other .280 1.651 .052 1.323 33.659 
Number of Violations .183 .125 .939 1.200 1.535 
Drug Use Violation (0 = No) .445 .520 .563 1.560 4.321 
Prior Court Notification (0 = No) .780 .423 .953 2.182 4.998 
District (0 = New Jersey)    
  Massachusetts 2.593** .835 2.600 13.367 68.735 
  Middle Pennsylvania 1.349 .905 .654 3.852 22.683 
  Middle North Carolina 3.010*** .855 3.798 20.293 108.441 
Type of Sanction  
  (0 = Home Confinement) 

 
2.385*** 

 
.429 

 
4.687 

 
10.862 

 
25.174 

Length of sanction (days) .014** .004 1.006 1.014 1.022 
      
Constant -5.068* 1.972  .006  

 
Note: R2 = .415 (Cox & Snell), .554 (Nagelkerke), Model x2 = 21.82, p < .01 
* p < .05, ** p < .01, *** p < .001 
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 Finally, a Rosenbaum sensitivity analysis was conducted.   Assuming no hidden bias, the 

treatment effect appears to be significant.  The results of this analysis are hardly sensitive to 

hidden bias, as the odds of differential assignment to treatment groups due to unobserved 

confounders would have to exceed 10:1 for the effect of assignment to the treated group (here, 

placement in a residential reentry center as opposed to a being subjected to a term of home 

confinement) to have no effect on the outcome (likelihood of being charged with a new technical 

infraction during service of the sanction).  Results are presented in Table 33.   

 

Table 33. Results of Rosenbaum sensitivity test for Research Question 3. 

 

Gamma (Γ) Lower bound Upper bound 

   
1.0 0.00000 0.00000 
2.0 0.00000 0.00000 
3.0 0.00000 0.00000 
4.0 0.00000 0.00003 
5.0 0.00000 0.00027 
6.0 0.00000 0.00144 
7.0 0.00000 0.00449 
8.0 0.00000 0.01279 
9.0 0.00000 0.02662 

10.0 0.00000 0.04758 
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CHAPTER FIVE: DISCUSSION AND CONCLUSION 

 

 

 Each year, approximately 35% of all the people admitted to the nation’s jails and prisons 

are being committed not because they have been charged with criminal offenses, but because 

they have violated the terms of community-based supervision (Carson & Anderson, 2016).   

Many of these violations are based on one or more technical infractions.  A technical infraction 

is a violation of a rule prohibiting some conduct which is not otherwise criminal.  Common 

technical conditions of supervision include rules requiring those under supervision to report to a 

probation officer, maintain employment, and avoid association with other ex-offenders (Seiter, 

2003).  It has been theorized that probation officers seek to revoke the supervision of and 

imprison offenders who commit technical violations because “where there’s smoke there’s fire;” 

that is, offenders who engage in behavior constituting technical violations are likely to also 

commit new crimes (Petersilia & Turner, 1993). 

 This dissertation has examined the ability of imprisonment, as a response to one or more 

technical violations of supervision, to deter and prevent the commission of new criminal 

conduct, relative to the other, less intrusive (i.e., “intermediate”) sanctions of re-entry center 

placement and home confinement.  Additionally, it examined the relative ability of these 

sanctions to deter offenders from engaging in additional acts of technical non-compliance.  This 

was done by studying a sample of offenders selected from four federal judicial districts in the 

United States and constructing groups suitable for comparison via propensity score matching.  

While the study could just as easily have examined the relative effects of imprisonment and 

intermediate sanctions when imposed subsequent to criminal conduct (and not technical 

violations), the issue of how the criminal justice system responds to technical violations – and 
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the societal, criminogenic and financial consequences of those responses – are of particular 

interest given the non-criminal nature of technical non-compliance.  

 The study’s primary research question examined the specific deterrent effect of 

imprisonment compared to intermediate sanctions.  Due to a growing body of literature which 

suggests that imprisonment has potentially criminogenic consequences, it was hypothesized that 

offenders incarcerated as a response to technical violations of supervision would be more likely 

to engage in alleged criminal acts following serving of their sanction, compared to offenders 

subjected to intermediate sanctions (either residential reentry center placement or a term of home 

confinement) as a result of technical non-compliance. 

 Propensity score matching using a nearest neighbor with caliper method was utilized to 

construct comparison groups and a logistic regression analysis revealed that incarcerated 

offenders were nearly 3 times more likely to be charged with a new crime than were offenders 

who had been subjected to an intermediate sanction, given a variety of covariates.  The fact that 

no other covariates (with the exception of length of supervision following sanction) were 

statistically significant in terms of predicting the outcome is noteworthy, as it suggested (in 

addition to assorted tests of covariate balance) that the propensity score matching produced 

comparable treatment and control groups.  Moreover, this finding supported the research 

hypothesis. 

 In answering this question, three things were found which were not originally intended to 

be studied but which were noteworthy observations, nonetheless: 1) the individual-level 

differences between offenders incarcerated as a result of technical violations and those subjected 

to intermediate sanctions; 2) the low prevalence of criminal activity committed by subjects 

serving terms of intermediate sanctions; and 3) the substantial prevalence with which offenders 
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serving intermediate sanctions were committed to prison – not for having committed any new 

crimes while serving intermediate sanctions – but for additional technical non-compliance which 

arose during the service of the intermediate sanctions. 

 The analyses shed some light on the individual-level characteristics which predicted 

supervision revocation on the strength of alleged technical non-compliance.  The demographic 

qualities of offender age, gender and race were not found to influence the revocation decision, 

suggesting that federal judges do not consider these extra-legal factors in disposing of petitions 

alleging supervision violations.  While a substantial amount of prior research has examined how 

these factors influence sentencing decisions in criminal matters, no other known work has 

considered their influence with regard to the handling of supervision violations. 

 Being employed was found to be the single greatest factor protecting against revocation, 

as offenders who were employed at the time of the disposition of their alleged technical non-

compliance were 70 percent less likely than unemployed offenders to become incarcerated.  

Thus, it seems as though judges took employment status into consideration in sanctioning 

technical violators.  Seemingly, they were aware of the harmful effects of job loss on their 

supervisee population.   

 Other differences were found between the revoked and non-revoked groups.  Offenders 

on supervised release were approximately 89 percent more likely to be revoked than those on 

probation; each added count of an act of technical non-compliance increased the likelihood of 

imprisonment by 23 percent; and offenders who had been the subject of previous letters of 

notification to the Court were over 2.5 times more likely to have supervision revoked.  

Furthermore, each increase in Criminal History Category represented a 24 percent increase in 

likelihood of imprisonment and offenders convicted of weapons-related crimes were 2.7 times 
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more likely to have supervision revoked for technical non-compliance than those convicted of 

drug offenses, the reference category.9    

 The study found that of the 263 offenders in the matched group of those who were 

subjected to intermediate sanctions, little more than 1 percent went on to be charged with new 

crimes during the service of their sanction.  The limited amount of work which has previously 

been done in this area (Green, 1988; Petersilia & Turner, 1993) has suggested that acts of 

technical non-compliance are not indicators of impending criminal activity.  This finding would 

appear to support that conclusion or, alternatively, suggest that the use of intermediate sanctions 

is just as effective as imprisonment in deterring/preventing criminal conduct during service of 

the sanction.  The notion that technical violators should be imprisoned because they are about to 

commit new crimes (‘where there’s smoke, there’s fire’), and can be restrained from doing so 

only via incarceration, is thus challenged. 

 Another finding of this study – incidental to the original research questions – was the 

prevalence of revoking offenders serving intermediate sanctions for additional technical non-

compliance which occurred during the service of the sanction.  Of the 263 subjects in the 

matched group of offenders serving intermediate sanctions, 99 (38 percent) were charged with 

additional technical violations while serving those sanctions and 72 (27 percent) had their 

supervision revoked as a result of said allegations.  The study did not specifically examine the 

nature of the recurrent non-compliance and whether or not it was specifically related to the 

sanction itself (e.g., a violation of the rules of the reentry center, or a curfew violation which 

occurred while on home confinement).  Nonetheless, this would appear to be an area ripe for 

                                                           
9 As previously noted, the fact that such differences existed between revoked and non-revoked offenders justified 

the use of propensity score matching, so as to produce equal groups for comparison. 
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further inquiry.  After all, one would have to consider the logic of a system which responds to 

non-criminal rule infractions by imposing additional rules, and then incarcerates offenders for 

breaking those additional, more-stringent rules against non-criminal conduct. 

 Perhaps most importantly, though, as previously noted herein, the criminogenic effects of 

imprisonment have been well-documented.  As such, it seems hardly surprising that incarceration 

not only increased the likelihood of criminal offending and further technical non-compliance 

post-sanction compared to intermediate sanctions, but also produced greater hazard rates in terms 

of time to re-offending.    

 

Limitations and Strengths 

 Like all studies, this one is not without its limitations.  To begin, it is noted that of the 94 

federal judicial districts in the U.S., only 4 provided data for the study.  Federal probation offices 

in approximately 15 districts were approached and asked to provide data.   Of these, only 8 

responded to the inquiry and of these, only half agreed to participate.  Notably, as indicated in 

Table 2, the general population of federal offenders under supervision in the districts which did 

participate in the study resemble the general federal population on a variety of important 

characteristics.    Nonetheless, there may be legitimate concern about selection bias at the 

sampling phase of the study.  Because they voluntarily agreed to participate in the research, the 

districts of New Jersey, Massachusetts, Middle Pennsylvania, and Middle North Carolina 

obviously do not constitute a random sample.  The potential exists that the districts which did 

choose to participate in the study differ from the districts which chose not to in some important 

(if unobserved) way. 
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 There are other limitations to the data.  For instance, while data are readily available 

which makes it easy to draw comparisons between the general population of federal offenders in 

various districts, it is virtually impossible to know how the sample of offenders who committed 

technical violations of supervision selected for the study resembles the population of technical 

violators nationally, or in any particular district.  In other words, there are no data available 

which describe the age, race, gender, Criminal History Category, number of violations charged 

(and other covariates) for all of the offenders charged with technical violations of supervision at 

either the district or national level. (For example, while the District of New Jersey maintains 

records on the racial composition of the population which enters the federal probation system in 

the district, it does not maintain records which contain information about the racial composition 

of the subpopulation of offenders who are eventually charged with supervision violations.  

Neither the Administrative Office of the U.S. Courts nor the Federal Sentencing Commission 

track this information, either).  Thus, it is difficult to know how the offenders in this study 

(randomly selected from a list of all violation petitions filed in the participating districts) are 

representative of the national population of offenders charged with technical supervision 

violations.          

        Additionally, some of the study’s key findings are sensitive to hidden bias.  The answer to 

Research Question 1 (examining the effect of imprisonment on subsequent criminal activity) and 

the answer to Research Question 2 (examining the effect of imprisonment on subsequent 

technical non-compliance) are particularly sensitive to hidden bias.  (Notably, this does not mean 

that the results are the product of hidden bias, it simply means that one or more unobserved 

confounders could influence the finding on treatment effect.)  As such, those particular research 

findings should be interpreted with appropriate caution. 
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 The subjects in this study were matched on numerous covariates, and one can only 

speculate as to what types of unobserved covariates may produce hidden bias.  One potential 

likely suspect is the precise nature of the charged technical non-compliance.  While the study 

accounts for influence of a technical violation based on drug use, a variety of other possible acts 

of technical non-compliance are unaccounted for.  Technical non-compliance with the rules of 

supervision may occur in many different ways (including, but certainly not limited to, failing to 

report to the probation officer, associating with other ex-offenders, and engaging in unauthorized 

travel).  The possibility exists that some acts of technical non-compliance are more likely to 

result in particular judicial actions than others, and it may be that some acts of technical non-

compliance are more predictive of future criminal behavior than others.  Examining the 

distinctions between the varieties of technical non-compliance may be an area worthy of further 

inquiry.       

 Finally, it is noted that while the study draws some conclusions about the effects of 

imprisonment and intermediate sanctions on subsequent offending behavior, the precise nature of 

the supposed cause-and-effect relationship between the sanctions and outcomes of interest 

remains unclear.  While the study links revocation of supervision to subsequent criminal activity, 

for instance, the relationship between the two is likely much more nuanced than can be explored 

in this study.  Much recent work on the development of risk prediction instruments has 

considered the dynamic nature of risk.  As this work has pointed out, people under supervision 

may become more (or less) likely to engage in violative conduct as their circumstances change 

over time.  Risk is thus a dynamic state, and modern-day risk prediction instruments consider 

how risk factors change over time (Johnson et al., 2011).  They therefore rely less on 

consideration of static risk factors (unchangeable aspects of a person’s background, such as age 
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at first arrest) and more heavily on dynamic risk factors (changing aspects of a person’s state, 

such as current age).  Thus, for example, while employment status at time of disposition of an 

alleged supervision violation may portend as to the outcome of the violation hearing (whether or 

not the offender’s supervision is revoked), it may not be as relevant to whether or not the person 

engages in new criminal activity post-sanction.  Rather, what is important at that point in time is 

the offender’s employment status post-sanction. 

 This point is made to emphasize that while the current study suggests that a link exists 

between incarceration and future offending, it sheds no light on events which may result from 

incarceration and, in turn, lead to continued offending.  It may be, for instance, that a recent 

history of incarceration hampers one’s ability to find employment, and while it might not be 

incorrect to say that incarceration leads to future offending, a better explanation might be that 

incarceration leads to unemployment, which leads to future offending.  Future research should 

focus on the precise chain of events which lead from incarceration to subsequent offending, all 

the while considering the potential importance of mediating variables and interaction effects 

between variables (National Research Council, 2014).         

 Despite these caveats, the present study makes several contributions to our knowledge of 

the effects of imprisonment, intermediate sanctions, and community-based supervision in 

general.  For one, few previous studies have examined how imprisonment and intermediate 

sanctions, when imposed as responses to technical non-compliance on the part of those under 

supervision, differ in their effects on subsequent non-compliance.  Moreover, no known previous 

study has examined this question using a sample of offenders drawn from multiple jurisdictions.  

As such, while the study would appear to be limited in terms of its generalizability given the fact 
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that only four federal judicial districts contributed data, its findings are also much more 

generalizable than any similar study done previously. 

 Second, while some of the research findings are potentially sensitive to hidden bias, this 

study is one of the few which uses propensity score matching and includes a sensitivity analysis 

of the findings.  These sensitivity analyses and their impact on the interpretation of the findings 

contained within may prompt future researchers to more fully consider the factors which 

comprise the nuanced relationship between criminal justice responses and outcomes. 

 Third, the study’s findings may lead us to consider several possible improvements to the 

system of federal supervision and community-based supervision, generally.  Before these 

suggestions are explored, however, a brief accounting of the current state of the federal 

supervision system is in order. 

 

Current Status of Federal Supervision and Future Directions 

Perhaps nowhere is the need for change in the arena of community supervision as great as 

it is in the federal criminal justice system, which has become increasingly onerous in its handling 

of supervision violations.  Since 2009, the percentage of community supervision cases in the 

federal system closed by way of revocation for technical violations has increased from 62 

percent to 70 percent.  In doing so, the system of federal supervised release has, in its relatively 

short life span, evolved from a system originally designed to promote offender rehabilitation to 

one largely focused on controlling behavior.     

 Doherty (2013) has traced the history of the development of the federal supervised 

release system, and has argued that the system has grown not only in terms of the number of 

people under supervised release, by also in the extent to which it maintains legal authority over 
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convicted persons.  The current system is once which little resembles the mechanism aimed at 

offender rehabilitation which was imagined when the Sentencing Reform Act of 1984 (SRA) 

was being drafted.   

 Since supervised release was created by enactment of the SRA in 1987, the number of 

people under supervised release system has grown to dwarf that of the federal probation 

population.  By the end of 2017, there were over 117,000 persons under federal supervised 

release in the United States, a figure which has increased by 27.5 percent in the past 10 years 

alone.  During the same time period, the population under federal probation has decreased by 25 

percent, and it has decreased by nearly two-thirds since the passage of the Sentencing Reform 

Act.  Today there are approximately 17,000 persons under federal probation supervision 

nationally (Administrative Office of the United States Courts, 2017a). 

 Doherty (2013) charges that not only has the supervised release system grown in sheer 

size, but it has grown in the amount of control it exerts over supervisees, thanks to a history of 

legislative changes.  She points out that when the legislation for the SRA was originally drafted, 

judges were not required to impose a term of supervised release when sentencing convicted 

persons to prison.  Additionally, the originally-proposed legislation did not allow judges any 

authority to revoke supervised release except to find non-compliant offenders in contempt of 

court (Biderman & Sands, 1994).  Contempt proceedings were very different than revocation 

proceedings found in traditional parole systems, for they required the government to demonstrate 

willful violation with the terms of supervision beyond a reasonable doubt, rather than the lower 

standard of guilt by a preponderance of evidence, which is used in probation and parole 

revocation hearings.  Thus, a violation of supervised release could only result in the imposition 

of a prison term if it rose to level of a new crime – the criminal disregard of a court order. 
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 Indeed, the Senate Judiciary Committee Report on the SRA cast supervised release as a 

mechanism for rehabilitation, not as a means to potentially return released offenders to prison.  It 

described the “primary goal” of supervised release as follows: 

 

To ease the defendant’s transition into the community after the 

service of a long prison term for a particularly serious offense, or to 

provide rehabilitation to a defendant who has spent a fairly short 

period in prison for punishment or other purposes but still needs 

supervision and training programs after release (pg. 124).  

  

 The Senate Report also stated, “supervised release…may not be imposed for purposes of 

punishment or incapacitation since those purposes will have been served to the extent necessary 

by the term of imprisonment” (p. 125). 

 Before the Act went into effect in 1987, however, Congress added a mechanism for 

revocation of supervised release via a provision found in the Anti-Drug Abuse Act of 1986 

(ADAA).  This language permitted judges to revoke supervised release after finding by a 

preponderance of the evidence that a person had violated one or more conditions of supervision.  

Defendants at supervised release violation hearings would have no right to a trial by jury, and 

many of the rules of evidence would not apply. 

 The ADAA did something else, however.  For many federal drug trafficking offenses, it 

created mandatory minimum terms of supervised release ranging from two to ten years.  It did 

not, however, provide for any maximum terms of supervised release for these crimes.  For 

reasons we will see shortly, this change would become important with enactment of the 

PROTECT Act in 2003. 

 In the interim, though, Congress enacted the Violent Crime Control and Law 

Enforcement Act of 1994.  The law created two new categories of violations for which 
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revocation of supervised release would be mandatory.  Revocation of supervision and the 

imposition of a term of imprisonment was now required if a person under supervised release 

possessed a controlled substance or failed to comply with drug testing.  The law also granted 

judges authority to impose a new term of supervised release following imprisonment for a 

supervised release violation. 

 The combined effect of the ADAA and 1994 law would become apparent with enactment 

of the PROTECT Act in 2003.  This legislation, the full title of which is the Prosecutorial 

Remedies and Other Tools to End the Exploitation of Children Today Act of 2003, contained 

many provisions specifically intended for use in the prosecution of sex offenders.  One provision, 

though, lengthened the potential terms of imprisonment for repeated violations of supervised 

release.  Prior to the PROTECT Act, judges could impose successive prison terms for repeated 

revocations of supervised release, but were constrained from doing so any further when the 

cumulative terms of imprisonment aggregated to a pre-defined maximum.  With enactment of the 

PROTECT Act, terms of imprisonment could be imposed upon successive supervised release 

violations and would be constrained only by as much supervised release could be reimposed 

following revocation.  As the ADAA placed no limit on the maximum term of supervised release 

that could be imposed for many drug law violations, defendants convicted of many drug 

distribution crimes are therefore now subject to a lifetime cycle of supervision and possible 

imprisonment for supervision violations.  The end product of these assorted pieces of legislation 

is a system of community-based supervision which, at least in theory, was originally intended to 

promote offender rehabilitation but has slowly morphed into one which exerts broad control over 

its charges. 
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 Considering this current status of the federal supervision system, the findings of this 

study and the research on community-based corrections generally, it is recommended that 

policymakers consider the following specific suggestions: 1) reduce the number of standard 

conditions imposed upon supervisees; 2) shorten terms of supervision; 3) establish sanctioning 

guidelines; and 4) expand the range of interventions available for use in responding to non-

compliance.  Each of these suggestions is expanded on below. 

 

 1) Reduce the number of standard conditions imposed upon supervisees.   

 The mechanism which creates the opportunity to supervision violations to occur in the 

first place is, of course, the supervision condition.  Many standard conditions of supervision 

serve to make a variety of non-criminal acts, in effect, criminal.  In the words of Doherty (2015), 

these conditions thereby “construct a definition of recidivism that contributes to 

overcriminalization” (p. 291).  In addition to common conditions of supervision which require 

that offenders do specific things such as report to the probation officer as directed and refrain 

from unauthorized travel across state lines, she cites examples of supervision conditions which 

are written in language that is extremely vague.  Probation regulations in Rhode Island, for 

example, require that supervised persons “keep the peace and remain on good behavior.”  

Conditions in Georgia mandate that supervisees “avoid injurious and/or vicious habits,” “avoid 

persons or places of disreputable or harmful character,” and “be of general good behavior” (p. 

305).   

Not only do many supervision conditions (sometimes vaguely) prohibit behavior that is 

otherwise non-criminal, but the sheer number of conditions can be overwhelming, particularly 

for people who are experiencing deficiencies in their cognitive functioning.  As Klingele (2013) 
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has stated, “while often reasonable when considered individually, in the aggregate, the sheer 

number of requirements imposes a nearly impossible burden on many offenders” (p. 1035).    

Recent research suggests that people struggling with poverty, mental illness, and substance abuse 

may have low “bandwidth.”  For example, experiencing poverty may adversely impact cognitive 

functioning via a process known as attentional capture; being poor may cause people to become 

preoccupied with budgetary concerns, interfering with their ability to make decisions and focus 

on tasks at hand (Mullainathan & Shafir, 2013).  Mani et al. (2013) demonstrated this in an 

experiment in which fairly wealthy and poor subjects were induced to consider financial 

demands.  After doing so, the poor subjects did not perform as well as the wealthy subjects on a 

test of cognitive abilities, likely owing to the distraction caused by the financial decision-making 

task.  The authors submit that the demands on attention and cognitive abilities generally which 

are created by poverty may help to explain why poor citizens are less likely to engage in 

preventive health care practices (Katz & Hofer, 1994), are less productive workers (Kim, 

Sorhaindo & Garman, 2006) and even tend to be more likely to show up late for and miss 

scheduled appointments (Neal et al., 2001).  Given this research, it should not be difficult to see 

how people under criminal justice system who are experiencing financial, substance abuse, and 

mental health problems may find it difficult to comply with the many and assorted conditions 

placed on them.     

     Corbett (2015) proposes that courts should only impose one condition on all offenders 

placed on probation: that they obey the law.  Otherwise, the sentencing judge should work with a 

probation officer to tailor conditions specific to each offender determined to be necessary for the 

sanctioning and treatment of the given offender.  Offenders would thus not be bound to abide by 
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conditions irrelevant to their individual situations in life and which serve little purpose other than 

providing opportunity for violations to occur. 

 

 2) Shorten terms of supervision.   

 Shortening terms of supervision would be useful in terms of reducing the opportunity for 

technical violations to occur as well as the need to address such violations, all the while allowing 

probation officers to focus their resources in areas of greater need.  At least one study of early 

terminations granted in the federal system has suggested that the practice may be beneficial.  In 

studying a sample of offenders granted early termination from community supervision (after 

serving an average of two years under supervision), Baber & Johnson (2013) found that half as 

many of the offenders granted early termination were rearrested for a new crime within three 

years compared to a group of offenders who completed their entire terms of court-ordered 

supervision (10 percent versus 20 percent).    

 In recent years, the level of criminogenic risk in the population under federal supervision 

has increased substantially.  The average RPI score is now 50 percent higher than it was in 1997, 

and Criminal History Category scores have witnessed a similar increase (Rowland, 2013).  As 

such, it would seem to make sense to reduce the length of supervision for lower-risk clients so 

the system can devote needed resources to working with the higher-risk population.       

 

 3) Establish sanctioning guidelines.   

 As previously noted, federal judges have expressed concern about the limited options 

available to them in responding to supervision violations and the lack of specific direction 

provided by the Sentencing Guidelines with regard to how to effectively deal with non-
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compliance.  Fifty-four percent of judges surveyed by the U.S. Sentencing Commission in 2014 

replied ‘Yes’ to a question which asked if the Guidelines should be revised to provide judges 

with more options to address supervision violations and 94 percent of the judges surveyed 

answered ‘Yes’ to a question which asked if the Guidelines should provide recommendations 

about the use of intermediate sanctions.   

 Several states have already taken such steps to reduce the number of people committed to 

prison for supervision violations.  The Justice Reinvestment Act passed in North Carolina in 

2011, for example, limited revocation of supervision to cases in which the offender had 

absconded from supervision or committed a new crime.  Louisiana, Washington, and Oregon 

have passed similar laws designed to restrict the ability of decisionmakers to revoke terms of 

community-based supervision (Klingele, 2013).  Perhaps most notably, California has recently 

been able to substantially reduce the number of probationers committed to prison for supervision 

violations.  Prior to 2011, approximately 60 percent of all prison admissions were probationers 

and parolees who had violated the conditions of their supervision.  By 2014, following enactment 

of several pieces of legislation as part of its Justice Realignment initiative, the probation and 

parole violators constituted 14 percent of the state’s prison admissions, saving the state over 

$920 million (Alper, 2016; Austin, 2016).  Similar pieces of legislation or non-binding 

guidelines would serve to inform judicial decision-making at the federal level and in states which 

currently do not have such mechanisms in place.    

  

4) Expand the range of interventions available for use in responding to non-compliance.   

 Much recent research - including this study - suggests that criminal justice interventions 

which seek to deter non-compliant behavior through punishment and threats of punishment are 
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generally ineffective (Hamilton et al., 2016; Lattimore et al., 2016; McGuire, 2013; Nagin, 2013; 

O’Connell, Brent & Visher, 2016).  More important than severity of punishment is certainty and 

swiftness of the response.  In both of these areas, however, our current model of addressing 

supervision violations falls short. 

 Behavioral psychologists have taught us that unless a punishment is imposed 

immediately following an unwanted act, its effect on that behavior will wear off substantially as 

time passes (Kazdin, 1994).  But the criminal justice system hardly works swiftly.  Although no 

published research is available which has specifically discussed the length of time it takes to 

dispose of allegations of federal probation/supervised release violations, I can report 

(anecdotally, but based on 15 years of experience as a federal probation officer) that such a 

process takes days, weeks, and even months.  The process is a lengthy one.  It takes time to 

detect violations (often long after the violative conduct has occurred), file paperwork with the 

Court requesting the issuance of a warrant or summons to schedule a hearing, schedule and hold 

the  initial appearance proceeding (at which the offender is formally informed of the charges 

against him and bail is considered) and finally hold the violation hearing to dispose of the matter 

(which itself frequently is held only after multiple adjournments have been granted so as to allow 

the parties time to prepare their cases and consider plea negotiations).  The length of time it takes 

for this process to run its course necessarily precludes the imposition of a swift sanction.   

 Additionally, the system falls short in assuring that non-compliant conduct will be 

addressed.  It is estimated that only half of all serious violent crimes which occur in the United 

States each year will even be reported to the police (Morgan & Kena, 2017).  Approximately 

only half of those which are reported will result in an arrest, with clearance rates varying by type 

of crime (Federal Bureau of Investigation, 2017).   Although it is much less clear how much 
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non-compliance with the conditions of community-based supervision goes undetected, Cullen, 

Pratt and Turanovic (2017) correctly point out that many violative acts are not easily detectable: 

 

Certain sanctioning is possible when offenders fail drug tests or do 

not show up for meetings because the violation is always detectable.  

But there is no urine test for associating with known felons, carrying 

a gun, or burglarizing a house.  In such cases, certainty of 

punishment is near zero (p. 73).    

    

 As such, a criminal justice system which can act with neither swiftness nor certainty has 

come to rely almost exclusively on imposing severe punishment as a response to non-

compliance.  This is unfortunate, given the data – including that produced by this study – which 

suggest that punishment is not only not ineffective as a means of controlling crime, but may also 

promote additional non-compliant behavior. 

 The call is thus the age-old one: increased funding for the courts and community-based 

supervision.  The number of filings in U.S. District Courts has increased nearly 30% since 1993, 

while the number of federal judges authorized by Congress has only grown by 4% during the 

same period.  During this time, the number of people under federal supervision nationally has 

increased 32%, while the number of federal probation and pretrial officers has remained virtually 

unchanged (Administrative Office of the U.S. Courts, 2017a).      

 But the suggestion is to not simply improve the functioning of the system with regard to 

its ability to detect non-compliance and address non-compliance in a timely fashion; 

consideration should also be given to the manner in which non-compliance is addressed.  Corbett 

(2015) suggests that probation officers should be allowed to handle most technical violations 

with an administrative sanction, such as imposing curfews or requiring community service.  

Although some probation agencies already include such mechanisms, many do not, and those 
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that do would benefit from expanded use of such sanctions and decreasing reliance on 

imprisonment or constrictive intermediate sanctions as responses to technical violations (Corbett, 

2015). 

 Expanding the types and number of sanctions available for use includes recognizing that 

different interventions will work differently for different offenders.  Notably, Andrews and 

Bonta (2010) have offered the Risk-Needs-Responsivity model, intended to guide 

decisionmakers in determining which treatment is best suited for which clients.  Whereas risk 

assessment is concerned with ascertaining which offenders are most likely to recidivate in the 

future and needs assessment focuses on determining a given individual’s particular criminogenic 

needs, responsivity is concerned with making use of the most effective treatment approaches and 

matching the intervention to a given offender’s particular circumstances.  Of these, responsivity 

is the principle perhaps least understood (Polaschek, 2012; Ward, 2002).   

 A growing body of literature (Andrews & Bonta, 2010; Lowenkamp et al., 2006; 

Lowenkamp, Latessa & Smith, 2006) suggests that interventions should be geared to offender 

risk level, and punishments (or treatments) may exacerbate the risk of offending if not applied to 

appropriate targets.  In a 2006 study of treatment programs in Ohio, for example, Lowenkamp, 

Latessa & Holsinger found that subjecting low-risk offenders to unnecessary treatment actually 

had the iatrogenic effect of promoting subsequent offending.  Accordingly, supervision should be 

administered with the proper “dosage;” the amount and type of supervision and services 

provided should be congruent with the offender’s unique level of risk and needs (National 

Institute of Corrections, 2014).  When administrators punish offenders for technical violations by 

incarcerating them or imposing overly-restrictive intermediate sanctions, they may not be 

administering the proper dose of supervision, and are forgetting the lesson of responsivity.    
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 Perhaps the larger point is that punishment may not be the appropriate response to many 

acts of non-compliance.  The practice of incarcerating technical violators (or any intermediate 

sanction, for that matter) is likely to fail in preventing reoffending if it is not geared toward 

addressing the offender’s personal criminogenic needs.  Citing identified risk factors for 

recidivism such as antisocial personality traits, dysfunctional cognitions and criminal associates, 

Cullen, Pratt and Turanovic (2017) state, “Sending an offender to jail for missing an office visit 

or two is not the right medicine for changing these criminogenic factors.”   

 Along these lines, it is noted that a substantial number of offenders in the present study 

were being sanctioned for one or more allegations of drug use which occurred under supervision 

(74 percent).  The fact that such a substantial number of offenders in the sample were being 

sanctioned for drug use raises questions about how the criminal justice system deals with people 

who have drug problems.  Despite the fact that much emerging evidence points to substance 

abuse as a medical problem, the system largely responds to drug-abusing persons as rational, 

culpable, actors deserving of punishment.  However, efforts which aim to provide substance 

abusers with treatment are generally found to be more effective in promoting recovery than those 

which simply aim to punish them (Chandler, Fletcher & Volkow, 2009; Schiff et al., 2016; 

Weisburd, Farrington & Gill, 2016).  When drug-abusing offenders are punished without being 

provided with needed substance abuse treatment, the “cure” being offered is clearly not matched 

to the disease.       

 In a 2017 article, I suggested that offenders may fail to comply with the terms of 

supervision for any number of reasons apart from simply obstinately refusing to do so 

(DaGrossa, 2017).  Drawing on previous work, I offered that some of the many reasons people 

may fail to comply with the conditions of supervision include general distrust of law 
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enforcement and other authority figures (Mazerolle et al., 2013; McCluskey, 2003; Sunshine & 

Tyler, 2003; Tyler, 1990; Tyler, 2004); learned helplessness (Seligman & Maier, 1967); faulty 

perspectives of time (Petry, Bickel & Arnett, 1998); fatalistic views of life (Matza, 1964; Larson, 

2000; Maruna, 2001); and impulsiveness rooted in biochemical dysfunctions (Boy et al., 2011; 

Dalley & Roiser, 2012; Krakowski, 2003; Stanley et al., 2000; Walsh, 2012).  Simply put, 

sanctions offered in response to violative conduct are not likely to be effective in reducing the 

likelihood of future offending if they do little to address the root causes of the non-compliance. 

 

Conclusion 

 This dissertation examined how incarcerating people for technical violations of 

community-based supervision compares to use of intermediate sanctions with regard to the 

ability to prevent new crimes and continued technical non-compliance.  A series of analyses 

demonstrated that the effect of incarceration is negligible compared to intermediate sanctions in 

terms of preventing new criminal activity and offenders incarcerated for technical violations of 

supervision are more likely to commit new crimes post-sanction (and sooner) than offenders 

subjected to intermediate sanctions.  Findings also suggest that the greater the intensity of the 

intermediate sanction (here, residential reentry center placement vs. home confinement), the 

more likely an offender will be charged with subsequent technical violations during service of 

the sanction (often eventually resulting in incarceration). 

 This study is unique from previous work in that not only is it one of very few to examine 

judicial system responses to technical non-compliance, but it has done so using subjects drawn 

from multiple jurisdictions and employing the use of propensity score matching, complete with 

sensitivity analysis, to construct matched groups.    
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 The study also encourages further inquiry.  Additional research may want to examine the 

precise mechanisms through which incarceration promotes additional criminal behavior, what 

specific types of technical non-compliance (if any) are particularly likely to portend future 

offending, and what types of judicial responses are most effective at reducing the likelihood of 

continued non-compliance, given offender responsivity factors.  By contributing to our existing 

knowledge of what is (and is not) effective correctional practice and raising questions for 

additional research, the study is a modest first step toward more humane, ethical, fiscally-

responsible, and socially-aware treatment of those under supervision.             
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APPENDIX A. 

STANDARD CONDITIONS OF FEDERAL SUPERVISED RELEASE. 

 

While the defendant is on supervised release: 

 

1) The defendant shall not commit another federal, state, or local crime during the term of  

 supervision. 

 

2) The defendant shall not illegally possess a controlled substance. 

 

3) If convicted of a felony offense, the defendant shall not possess a firearm or destructive  

 device. 

 

4) The defendant shall not leave the judicial district without the permission of the court or  

 probation officer. 

 

5) The defendant shall report to the probation officer as directed by the court or probation  

 officer and shall submit a truthful and complete written report within the first five days of  

 each month. 

 

6) The defendant shall answer truthfully all inquiries by the probation officer and follow the  

 instructions of the probation officer. 

 

7) The defendant shall support his or her dependents and meet other family responsibilities. 

 

8) The defendant shall work regularly at a lawful occupation unless excused by the  

 probation officer for schooling, training, or other acceptable reasons. 

 

9) The defendant shall notify the probation officer within seventy-two hours of any change  

 in residence or employment. 

 

10) The defendant shall refrain from excessive use of alcohol and shall not purchase, possess,  

 use, distribute or administer any narcotic or other controlled substance, or any  

 paraphernalia related to such substances.  

 

11) The defendant shall not frequent places where controlled substances are illegally sold,  

 used, distributed, or administered.   

 

12) The defendant shall not associate with any persons engaged in criminal activity, and shall  

 not associate with any person convicted of a felony unless granted permission to do so by  

 the probation officer. 

 

13) The defendant shall permit a probation officer to visit him or her at any time at home or 

 elsewhere and shall permit confiscation of any contraband observed in plain view by the 

 probation officer. 
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14) The defendant shall notify the probation officer within seventy-two hours of being 

 arrested or questioned by a law enforcement officer. 

 

15) The defendant shall not enter into any agreement to act as an informer or a special agent 

 of a law enforcement agency without the permission of the court. 

 

16) As directed by the probation officer, the defendant shall notify third parties of risks that 

 may be occasioned by the defendant’s criminal record or personal history or 

 characteristics, and shall permit the probation officer to make such notifications and to 

 confirm the defendant’s compliance with such notification requirement. 
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APPENDIX B. 

CODING SHEET. 
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APPENDIX C.  

CODEBOOK. 
 

DISTRICT 
1 = NJ 
2 = D/MA 
3 = MD/PA 
4 = MD/NC 
 
RACE 
0 = Black 
1 = White 
2 = Hispanic 
3 = Other 
888 = Missing 
 
GENDER 
0 = Female 
1 = Male 
888 = Missing 
 
AGE 
Value 
888 = Missing 
 
EMP (Employed at time of violation hearing?) 
0 = No 
1 = Yes 
888 = Missing 
 
RPI 
Value from 1 – 9 
888 = Missing 
 
TYPECON (Type of conviction) 
0 = Drug 
1 = Weapons 
2 = Violence 
3 = Theft/Fraud 
4 = Other 
888 = Missing 
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TYPSUP (Type of Supervision) 
0 = Probation 
1 = Supervised Release 
888 = Other/Missing 
 
CHC (Criminal History Category) 
Value 1 – 6 
888 = Missing 
 
PRIOR (Prior notifications to the court?) 
0 = No 
1 = Yes 
 
DRUGS (Violation based on/includes allegations of drug use?) 
0 = No 
1 = Yes 
 
NUMVIO (Number of violations alleged) 
Enter Value 
 
DYSSANC (Length of sanction in days) 
Enter Value 
 
SANC (Type of sanction) 
0 = Revoked 
1 = HC 
2 = RRC 
 
SUPRCON (Supervision continued following sanction?) 
0 = No 
1 = Yes 
888 = Missing 
 
NEWTECHDURSANC (New technical violation during sanction?) 
0 = No 
1 = Yes 
7777 = NA (revoked) 
 
NEWTECHFOLSAN (New technical violation following sanction?) 
0 = No 
1 = Yes 
7777 = NA (no supervision following sanction) 
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DYSNEWTECH (Number of days following sanction to new technical violation) 
Value 
7777 = NA (no supervision to follow) 
 
NCRMDURSAN (New criminal activity during service of sanction?) 
0 = No 
1 = Yes 
7777 = NA (revoked as sanction) 
 
NCRFOLSAN (New criminal activity following service of sanction?) 
0 = No 
1 = Yes 
7777 = NA (no supervision following sanction) 
 
DYSNCR (Number of days to new criminal activity following sanction) 
Value 
9999 = No new crime 
7777 = NA (no supervision following sanction) 
 
SUPCOMP (Supervision completed successfully following sanction?) 
0 = No 
1 = Yes 
7777 = NA (no supervision reimposed following sanction) 
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APPENDIX D. 

EXAMPLE R CODE.   

 

# load data 
> require(foreign) 
> mydata<-read.csv(“G:/Dissertation/FINALDATASET2.csv”) 
> attach(mydata) 
 
# nearest neighbor matching within caliper using MatchIt 
> require(MatchIt) 
> m.out = matchit(REVOKE ~ AGE + GENDER+BLACK + EMP + TYPSUP + CHC + PRIOR + DRUGS + NUMVIO 
+ DISTRICTNJ +  DISTRICTMA+ DISTRICTMDPA + DISTRICTMDNC + OFFDRUG + OFFVIOL + 
OFFWEAP+OFFTHEFT + OFFOTHER, data = mydata, method = "nearest", ratio=1, caliper=0.25) 
> summary (m.out, standardize=TRUE) 
> plot(m.out, type= “jitter”) 
> plot(m.out, type= “hist”)re 
> m.data1 <- match.data(m.out) 
> write.csv(m.data1, file= “G:/Dissertation/matchedcaliper.csv”) 
 
# Cox regression using survival package 
> library (survival) 
> args (coxph) 
> mod.cox2b <- coxph(Surv(MOTHSNEWCRIME, NCRFOLSAN) ~ REVOKE+ AGE + GENDER + BLACK + EMP 
+ TYPSUP + CHC + PRIOR + DRUGS + NUMVIO + DISTRICTMA+ DISTRICTMDPA + DISTRICTMDNC + 
OFFVIOL + OFFWEAP+OFFTHEFT + OFFOTHER, data = mydata) 
> mod.cox2b 
> summary(mod.cox2b) 
> plot(coxphd(fit.mydata), ylim=c(1,1), xlim = c(1,36), xlab= “Months”, ylab= “Proportion Not Charged”) 
 
# Firth Cox regression using coxphf package 
> require(foreign) 
> require(coxphf)  
> mydata <- read.csv(“G:/Dissertation/question2b.csv”) 
> attach(mydata) 
> fit.mydata <- coxphf(data=mydata, Surv(MOTHSNEWCRIME, NCRFOLSAN) ~ REVOKE+ AGE + GENDER + 
BLACK + EMP + TYPSUP + CHC + PRIOR + DRUGS + NUMVIO + DISTRICTMA+ DISTRICTMDPA + 
DISTRICTMDNC + OFFVIOL + OFFWEAP+OFFTHEFT + OFFOTHER + LENGSUP, pl=TRUE, alpha=0.05, 
maxit=50, maxhs=5, maxstep=2.5, firth=TRUE, penalty=0.5) 
> summary(fit.mydata) 
> plot(fit.mydata), ylim=c(1,1), xlim = c(1,1), xlab= “Months”, ylab= “Proportion Not Charged”) 
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APPENDIX E. 

TEMPLE UNIVERSITY IRB APPROVALS. 
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