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ABSTRACT 
Drug use has been shown to have an effect on recidivism, but the extent of that effect, 

the types of drugs that produce that effect, and what types of crimes are being affected 

has not been addressed. This study attempted to answer some of those questions. The 

purpose of this dissertation is dissertation is to determine the effect drug type and 

intensity has on drug crime and property crime recidivism. Also, thresholds for 

identifying criminogenic need of substance use were explored. Using a criminal 

justice framework, the most accepted factors for criminogenic risk/need were assessed 

on 323,146 offenders in Texas Department of Criminal Justice who had been referred 

for drug treatment. A machine learning analysis revealed that risk was comparable to 

other studies on criminal reconviction. The analysis identified substances that were 

important in predicting recidivism of drug crimes and property crimes. Substance use 

and type were identified as significant variables in predicting recidivism, but they 

were not the most important. Variables ranging from arrests, convictions, and 

incarceration behavior to tattoos and age were more predictive of drug crimes and 

property crimes reconviction. Logodds plots identified the increased and decreased 

risk associated with the different levels of use of the important substance use 

variables. Logodds analysis also created a threshold at an individual level for 

identifying need. The results of this study revealed methodological, practice, and 

policy implications along with a variety of opportunities for future research. 
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CHAPTER I 

INTRODUCTION  
 

Violent crimes, particularly violent sex crimes, are at the heart of public fear 

and, therefore, public safety goals. Increased gun sales for personal protection, ads for 

home security systems, and the installation of safe rooms in homes illustrate the 

public's angst about violent crime. Drug crimes are presumed to create as many safety 

issues as violent crimes as evidenced by strict sentencing guidelines. Trillions of 

dollars are spent yearly to prosecute and house hundreds of thousands of individuals 

for drug offenses across the U.S. (Bureau of Prisons, 2012; Carson, 2018). In 2014, 

30,035 individuals were arrested for federal drug offenses, and 1,561,231 individuals 

were arrested on state drug charges (Stemen, 2017). Additionally, there is a perceived 

link between drug use and property crimes. While the Bureau of Justice Statistics 

reported that over 16 percent of all state prisoners committed property crimes to obtain 

money for drugs, there has been no testing of that assumption (2021). 

Public Health vs. Public Safety 

Ever since individuals began misusing substances, the societies in which those 

individuals lived have struggled with how to respond to this behavior. Approaches 

have vacillated between public safety (i.e., criminalization of substance use) to public 

health (i.e., treatment of substance use), with some approaches integrating features of 

both methods (i.e., drug courts). The clinical substance use literature tends to focus on 

the individual’s health with little focus on public safety, and the public safety (e.g., 
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criminology) literature has generally been limited to examining the relationship of 

alcohol with violent crime. The tension between public safety and public health arises 

in what the expected outcomes should be, and in who needs “intervention” and what 

form that intervention should take. A public health approach of substance misuse 

views the difficulties that abuse can have on the individual’s health, family function, 

ability to work, and standing within the community (NIDA, 2020). A public health 

approach has guidelines in place to provide the most appropriate intervention for 

individuals with a substance use issue. As pointed out by National Institute on Drug 

Abuse (NIDA), “the goal of treatment is to return people to productive functioning in 

the family, workplace, and community” (2020, p. 6). 

The criminal justice system has a different view on substance misuse than 

those who view substance misuse through a clinical or public health lens. In Texas, the 

criminal justice agency, the Texas Department of Criminal Justice (TDCJ), provides 

substance use programs in attempts to reduce “recidivism and improving public 

safety” (2018, p. 1). Additionally, the approach to identifying individuals for 

programming is less clinical and as the Substance Abuse and Mental Health 

Administration (SAMHSA) points out, “screening often is equated with eligibility, 

and assessment often is equated with suitability” (2014, p. xviii). Whereas the public 

health approach uses the latest version of the Diagnostic and Statistical Manual of 

Mental Disorders (5th ed.; DSM-5; American Psychiatric Association, 2013), the 

public safety approach predominately views substance misuse through the Risk-Need-

Responsivity framework (Andrews et al., 1990).  
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 The Risk-Need-Responsivity (RNR) model was developed as a means of 

identifying “criminogenic” risk and prescribing interventions that would decrease the 

risk for recidivism, or re-conviction (Andrews et al., 1990). The State of Texas defines 

recidivism as the return to prison (for any reason, including a new offense or a 

violation of probation or parole) within three years of release (Smith, 2016). The RNR 

model proposes that criminogenic risk is predictable, and the risk can be mitigated 

through rehabilitative treatments. The risk principle proposes that recidivism can be 

decreased if risk is addressed (Bonta & Andrews, 2007). Therefore, an individual with 

a high risk of recidivism should have more intensive treatment services, and an 

individual with low recidivism risk should have little or no treatment services. By 

using a more targeted approach to rehabilitation, there is a larger impact on reducing 

recidivism. 

While risk has been thoroughly studied, and recent machine learning risk 

assessments have shown that risk can be predicted, criminogenic needs have been less 

developed (Curtis, 2018; Meeks, 2020; Ozkan, 2017). Criminogenic need is associated 

with risk in that the individual need influences the risk, however determination of the 

level of substance use that constitutes a need has not been established. Public opinion 

and, by evidence of laws, public policy have established that substance use is 

criminogenic in nature, but research has not tested this assumption. The threshold in 

which substance use becomes a need has not been established or researched.  

Bonta and Andrews (2007) identified eight primary factors (the “Central 

Eight”) related to criminogenic risk/need. These eight are broken into the “Big Four” 
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and the “Moderate Four.”  The “Big Four” consist of criminal history, procriminal 

attitudes, antisocial personality patterns and procriminal associates. The “Moderate 

Four” includes education/employment, family/marital, substance abuse, and 

leisure/recreation (Bonta & Wormith, 2013). While measures of all eight factors are 

not available in the data used for the current study, measures are available for the “Big 

Four,” substance misuse, and education. For this study, the Big Four and education 

will act as covariates in order to isolate the unique effects of substance misuse on the 

two outcomes. 

The Current Study 

The current study examines the relationship of substance use and crime by (1) 

examining the unique effects of substance use and substance type on drug and 

property crimes by evaluating substance use with a wide range of covariates; and (2) 

developing an objective criterion which can be used by the criminal justice system to 

refer individuals with substance use risk/need for programming. This study is unique 

in that, in addition to the two goals just stated, this study (1) disaggregated “crime” 

and examined drug crimes and property crimes rather than generic crime or violent 

crime; and (2) evaluates substance use/intensity by substance type (i.e., alcohol, 

marijuana, stimulants, opiates, polysubstance, and others). 

In order to isolate the effects of substance use, this study used a machine 

learning approach (boosted tree models) rather than traditional logistic regression. The 

primary difference between these is that boosted tree models are nonparametric, and 

thus not bound by the assumptions or problems of parametric statistics (i.e.,normality, 
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independence, homogeneity of variance, and problems associated with 

multicollinearity). The model will be able to isolate substance type and intensity’s 

unique contribution to recidivism risk. 

After the boosted tree model has been developed, a logodds value for each 

variable for each person can be calculated. A logodds value of 0 means that that 

variable for that person has not contributed to that individual’s risk of recidivism. A 

negative logodds value means that that variable has decreased the risk by that logodds 

value, while a positive logodds value means that the variable has increased the risk. 

Thus, positive logodds values for the substance use variables will identify those 

variables (and those people) who have increased risk of recidivism, and thus anyone 

with a positive logodds value for a substance use variable would be referred for 

programming to reduce that risk. 

Research Questions and Hypotheses 
 
Question 1: How much effect do drug or alcohol misuse have on recidivism of a drug 

crime? 

Hypothesis: Drug type and frequency have a non-zero effect on re-conviction of a 

drug crime.  

Question 2: How much effect do drug or alcohol misuse have on recidivism of a 

property crime? 

Hypothesis: Drug type and frequency have a non-zero effect on re-conviction of a 

property crime. 
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Question 3: Can a threshold be determined for identifying the need for programs to 

reduce the risk of recidivism associated with drug use? 

Hypothesis 3: Logodds of drug type and frequency can be used to determine a 

threshold for need of drug programming to reduce recidivism risk associated with drug 

use. 
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CHAPTER II 

LITERATURE REVIEW 
 

Drug offenses make up the plurality of incarcerated offenses in the United 

States at the federal level. In 2021, 46.1% of incarcerated individuals are in prison for 

drug offenses (U.S. Census Bureau, 2020). Nationwide, 20% of all incarcerated 

individuals are held on a drug offense (Sawyer & Wagner, 2020). To add to the drug-

related issues in the criminal justice system, an estimated 65% of all incarcerated 

individuals in the United States has a substance use disorder (SUD; NIDA, 2020). As 

pointed out by Smith (2016) to the Texas Criminal Justice Coalition, “A factor 

impacting high drug conviction numbers is that not everyone who enters the criminal 

justice system with a drug or alcohol abuse problem actually receives treatment” (p. 

2). To better address the risk of recidivism of drug offenses, the theoretical framework 

of Risk-Need-Responsivity needs to be employed (Andrews & Bonta, 2010). 

Risk-Need-Responsivity 
 

Andrews et al. (1990) proposed a theoretical framework entitled Risk-Need-

Responsivity (RNR). RNR was created to provide a model that could be used in the 

assessment and treatment of criminogenic needs. RNR is the accepted framework for 

assessing risk and determining treatment in the North American justice departments 

(Taxman & Smith, 2021). RNR proposes that risk can be predicted, and risk 

assessment tools will continue to advance to be more accurate in predicting recidivism 

(Andrews et al., 1990). Criminogenic needs are defined as needs that “can come and 
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go unlike static risk factors that can only change in one direction (increased risk) and 

are immutable to treatment intervention” (Andrews & Bonta, 2010). Responsivity 

provides the appropriate cognitive-behavioral therapy to promote change in the of- 

fender’s criminogenic needs (Bonta & Andrews, 2007). The General Personality and 

Cognitive Social Learning (GPCSL) view suggests that “Criminal behavior is likely 

when the rewards and costs for crime outweigh the rewards and costs for prosocial 

behaviour” (Bonta & Andrews, 2007, p. 13). This is especially true in the case of drug 

use. As pointed out by the United Nations Office of Drugs and Crime, individuals with 

a SUD, “will try, by any means possible, to obtain their drug, irrespective of the costs 

involved" (United Nations Office on Drugs and Crime (UNODC), 2002, p. 23.) 

Risk 
 The risk principle is complemented by need and responsivity. Criminal 

behavior can be predicted, and treatment levels (i.e., need) can be matched to the level 

of risk (Andrews & Bonta, 2010). Not only is it important to have the most accurate 

risk assessment, but it is also important to match individuals to the most appropriate 

treatment and treatment intensity. As pointed out by Bonta and Andrews (2007, p.10), 

“Inappropriate matching of treatment intensity with offender risk level can lead to 

wasted treatment resources and in some situations actually make matters worse.” 

Risk assessment tools have evolved over time.  Risk assessment tools have 

gone through four different iterations since the 1920’s (Barabas et al., 2017; Bonta & 

Andrews, 2007). The first generation of assessments was based on clinical 

evaluations. This mode of assessment was used until the 1970’s when it was deemed 
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as lacking in predictive capabilities. Following clinical evaluations, regression 

modeling was used in determining risk. More static predictors such as criminal 

behavior and age were used in this type of modeling. The goals were less in 

determining treatment, but in mitigating risk. This type of risk assessment was a piece 

of the mechanism that led to mass incarceration of the 1980’s (Barabas et al., 2017). 

The third generation of risk assessment tools used regression modeling for the static 

risks, but also incorporated dynamic risks to better inform treatment modalities. 

Finally, the fourth generation of assessment tools added responsivity factors (i.e., 

intelligence, self-esteem, substance use disorders) as a means for improving treatment 

types and duration (Andrews & Bonta, 2010). 

Singh et al. (2011) identified over 120 risk assessment tools currently used in 

general and psychiatric settings. The nine that have been examined the most are: 

(1) Historical Clinical Risk Management-20 (HCR-20), (2) Level of Service 

Inventory- Revised (LSI-R), (3) Psychopathy Checklist-Revised (PCL-R), (4) Sex 

Offender Risk Appraisal Guide (SORAG), (5) Sexual Violence Risk-20 (SVR-20), (6) 

Spousal Assault Risk Assessment (SARA), (7) Static-99, (8) Structured Assessment of 

Violence Risk in Youth (SAVRY), and (9) Violence Risk Appraisal Guide (VRAG). 

As some of the most used risk assessment tools, it is not unusual that the 

predictive accuracy of these instruments was very similar. The Area Under the Curve 

(AUC) score ranged from .65-.71. The lack of predictive power makes these 

instrument less accurate in use in determining criminal justice risks and treatment 

matching (Meeks, 2020). The lack of predictive power also brings into question the 
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ability to better understand the need individual offenders may have, and the veracity in 

addressing those needs. 

Need 
The need principle recognizes and calls for attention to the criminogenic needs 

of offenders. Criminogenic needs are considered changeable and predict the likelihood 

of criminal behavior. There are other dynamic needs that are not criminogenic. While 

these non-criminogenic needs are changeable, they have little effect on criminal 

behavior. The need principle focuses on factors that can be changed and influence 

future criminal behavior (Ogloff, 2002). Needs such as self-esteem may be changeable 

but would have little effect on criminal behavior. As Bonta and Andrews (2007) point 

out, “increasing self-esteem without changes in procriminal attitudes runs the risk of 

resulting in confident criminals” (p. 5). Additionally, there are static needs that have 

predictive qualities (i.e., criminal history), but these are unable to be changed (Bonta 

& Andrews, 2007; Ogloff, 2002). There are three criteria for determining 

criminogenic needs: (1) treatment can have a change on the criminogenic need, (2) 

treatment produces change in recidivism, and (3) the effect size of the association 

between treatment and future criminal behavior are reduced when statistically 

controlled (Andrews et al., 1990; Bell, 2020). Therefore, the only needs considered in 

the RNR are needs that influence future criminal behavior and are changeable. Ogloff 

compiled a list of criminogenic and non-criminogenic needs in his 2002 article as 

illustrated in Table 2.1. 
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Table 2.1.  
 
Criminogenic vs. Non-Criminogenic 
 

Criminogenic Non-Criminogenic 

Pro-Social Attitudes Self-Esteem 

Criminal Associates Anxiety 

Substance Abuse Feelings of Alienation 

Antisocial Personality Psychological Discomfort 

Problem-Solving Skills Group Cohesion 

Hostility-Anger Neighborhood Improvement 

Note: From Ogloff (2002). 
 
 

 

Responsivity 
Responsivity, in general, is the understanding that “cognitive social learning 

interventions are the most effective way to teach people new behaviors regardless of 

the type of behavior” (Bonta & Andrews, 2007, p.5). Cognitive social learning 

proposes that by providing an individual self-efficacy through building an alliance and 

providing direction to change through modeling, individuals can change behaviors 

(Marks et al., 2000). The RNR responsivity principle therefore is a need to provide 

treatments that will engage and encourage offenders (Andrews & Bonta, 2010). The 

purpose of the responsivity principle is to appropriately address needs through 

effective treatments, therefore reducing criminal behavior and recidivism. 

Andrews and Bonta (2010) point out the treatment can be more effective if 

individual needs are considered in treatment. A one-size-fits-all approach will not 
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provide the outcomes that individual attention will. Understanding the barriers in place 

for individuals is vital to providing effective treatment and reducing recidivism. 

Before criminogenic needs can be addressed, personal needs such as mental 

health, learning disabilities or physical health need to be addressed to provide the best 

outcomes. Cultural and gender issues must also be addressed. By reducing barriers, 

individuals will be more likely to become motivated to change (Bonta & Andrews, 

2007).  

Central Eight 
The Level of Service Inventory-Revised (LSI-R) was developed by Andrews 

(1982) and first used in Ontario, Canada. The LSI-R was used to measure risks and 

needs that were in the following domains: antisocial attitudes, antisocial associates, 

criminal history, substance abuse, family/marital, school/work, leisure recreation, 

financial problems, accommodation problems, and personal/emotional issues. These 

domains would eventually become what Andrews and Bonta referred to as “Central 

Eight” risk and needs factors (2010). 

The Central Eight are broken down into two different groups, the “Big Four” 

and the “Moderate Four” (Andrews et al., 2006). The first group (Big Four) are 

a criminal history, procriminal attitudes, antisocial personality patterns and 

procriminal associates. The second group (Moderate Four) are a history of family/ 

marital circumstances, school/work, leisure/recreation, and substance abuse (Bonta & 

Wormith, 2013). The moderate four are less strongly related to recidivism than the big 

four as illustrated in meta-analysis of predictive validity of the central eight by 
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Andrews and Bonta (2010), “The grand mean r value for the big four was .26 (95% CI 

of .22-.39, k = 24) compared to .17 (.13-.20, k = 23) for the more modest four” (p. 

116). 

There have been several studies on substance misuse and recidivism. However 

as outlined by a meta-analysis of substance abuse and recidivism, the studies are 

performed on small samples, are self-reported, or only study violent crime (Dowden & 

Brown, 2002). Around 50% of currently incarcerated individuals have a substance use 

disorder (NIDA, 2020). There appears to be a disconnect between the number of 

incarcerated individuals with a substance misuse issue and the corresponding risk of 

substance misuse. It is important to better understand the role substance misuse plays 

in recidivism.  

Substance Use and Crime 

Individuals have been using substances for a variety of reasons for thousands 

of years. Alcohol is mentioned in many of the great literary works and other 

substances, such as peyote, have been used in religious ceremonies. Although 

substance use can be beneficial, substance misuse and dependence can be detrimental 

to individuals and society. As noted by White (2016), “Substance use and SUDs are 

associated with several consequences, including health, behavioral, social, and 

economic outcomes” (p. 2). It has been estimated that up to 7.6% of United States 

citizens over the age of 12 misuse or are dependent on alcohol (Kretschmar and 

Flannery, 2007). Additionally, in the past month, 14.6 million Americans used 
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marijuana, 2 million used cocaine or crack, almost 1 million used heroin, and 1.6 

million used amphetamine (NIDA, 2020).  

It has been documented that drug use has an impact on violent crimes. 

However, the greater impact appears to be on property crimes and drug crimes. 

Individuals convicted of state drug crimes are 2.5 times more likely to have committed 

the crime for drug money than those that committed a violent crime. Individuals 

convicted of a state property crime are 3 times more likely to have committed the 

crime for drug money than those that committed a violent crime (OJP, 2021). 

However, there is nuance to these statistics. As pointed out by White (2016), it can be 

difficult to compare due to the many differences in how crimes and drug use are 

measured in studies. Brownstein et al. (2003) observed, “There is no single drug-crime 

relationship, there are drugs-crimes relationships, most of which are complex” (p. 12). 

The bulk of studies address property and violent crimes in relation to substance use. 

Few studies look at the relationship between substance use and drug offenses. It could 

be assumed that substance use and drug offenses are linked due to the nature of the 

crime. However, that linkage has not been established empirically. 

Property Crimes and Substance Use 

Three different theories are used to explain the relationship between substance 

use and property crime. The psychopharmacological model suggests that drug 

intoxication causes criminal behavior. This model is most used in relation to alcohol 

and violent behavior, but also addresses impulsive behavior (White, 2016). A 
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component of the physiological component of this model is the effect that withdrawal 

can have on the individual, which could lead to property crimes in search of drugs or 

money to buy drugs (White, 2016). The second is the systemic model that proposes 

crimes are a part of the system of drug distribution and drug use (Boles & Miotto, 

2003). The systemic model addresses violent, property, and drug crimes. Due to the 

illegal nature of the drug trade, being involved would open the door for property 

crimes, but the model is more tied to violence within the system of the drug trade. The 

economic model simply proposes that drug users will commit property crimes to pay 

for drugs. The DOJ (2018) reported that 40% of individuals in state prisons committed 

the property crime to purchase drugs. 

The economic theory is most used in explaining property crimes and substance 

use. This model is especially true for illicit drugs due the cost associated with illegal 

drugs (White, 2016). Literature has shown that increasing the frequency among those 

with an SUD increased their frequency of property crime. Additionally, lowering 

the frequency of use among those with an SUD lowered their frequency of property 

crimes (White, 2016). The same results have not been found for other types of crime 

(excluding drug crimes) which makes a strong case for the economic model to be used 

in explaining the relationship between substance use and property crimes. A study 

by Gottfredson et al. (2008) found that heroin, cocaine, and alcohol use had a stronger 

effect on crimes that generated income. None of the substances used had a significant 

effect on violent crime. 

Very little research has been done on the relationship between alcohol and 
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property crimes, therefore, the findings by Gottfredson et al. (2008) are illuminating. 

Most research on alcohol and crime involves violence. There is a question to whether 

the violence committed by individuals that drink alcohol is due to frequent or acute 

use. There is literature that suggests it is due to frequency (Greenfield & Henneberg, 

2001) while there are others that suggest that drinking lowered inhibitions so they 

could commit the crime (Abbey, 2002). Even with the well documented relationship 

between alcohol and violence, there is not a consensus on whether it is due to acute 

or chronic use. 

Drug Crimes and Drug Use 

Just by the nature of the crime, drug use is typically present during the crime. 

An individual that is re-convicted of a DUI was either drinking or using an illicit 

substance. An individual re-convicted of a possession crime was in possession of an 

illicit substance. Unfortunately, little research has been done to look at the relationship 

between substance use and drug crimes. The most that can be gleaned from the 

literature are descriptive statistics that show almost 50% of individuals incarcerated 

for a drug crime have used substances within the last month (DOJ, 2018). That leaves 

half of the individuals incarcerated for a drug crime that did not use substances within 

the last month. It has been argued that manufacture and selling of illicit drugs is a 

business, and the successful offenders are entrepreneurs (Osler & Johnson, 2015). 

This argument leads to a conclusion that some drug crime convictions could have a 

relationship to drug use, and some are more likely to be related to other criminogenic 
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needs. 

About 50% of inmates in both state and federal facilities meet the criteria for 

a substance use disorder (Chandler et al., 2009). Baillargeon et al. (2010) investigated 

the risk of reincarceration of individuals with a mental illness, and those with a dual 

diagnosis of mental illness and an SUD. The sample was 61,248 inmates that had been 

housed in one of the Texas Department of Criminal Justice prisons. Substance use 

screening assessments were used to determine if the individual met the criteria for a 

SUD. The study found an increased risk of those with a dual diagnosis. Unfortunately, 

because of the sample and study, risk was not assessed for those with only a SUD. 

Additionally, the study only used prevalence of incarceration for statistical analysis. 

While this provides opportunities for further research, it illustrates the gap in research 

pertaining to substance use and recidivism risk. 

Link and Hamilton (2017) used Serious and Violent Reentry Initiative 

(SVORI) data to study the predictive qualities of substance use on crime. The SVORI 

data provided interviews with released inmates at 3 months, 9 months, and 15 months. 

Rearrest and drug use were used in a cross-lagged framework to assess for 

relationships between substance use and rearrest. The substances that were used in the 

study were cocaine, heroin, and amphetamines. While a relationship between drug use 

and criminal behavior was found, Link and Hamilton (2017) admit that there are other 

factors in predicting rearrest. This study is another example of findings that fail to 

move the research forward. While using a longitudinal structured equation model is 

more robust than descriptive statistics, the complexity of predicting recidivism and 
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the impact substance use has on that prediction requires more statistically 

sophisticated techniques. 

The literature on the relationship between drug use and property and/or drug 

crimes is ambiguous at best. While there are studies that indicate some correlation 

between drug use and/or drug crimes, they lack clear relationships. This is especially 

true when examining frequency and substance type. Most studies that have examined 

the frequency and type are studies that predominately investigated violent crimes. 

Understanding the role frequency and type play in property and drug crimes is 

important to better understand risk and need. It could also shed light on the social 

question of whether individuals are being locked up due to a SUD, or if there are other 

criminogenic needs that are causing the issues. Additionally, better risk assessment 

could provide more informed treatment responses. 

Risk Assessment 

As was discussed earlier in the chapter, risk assessment for criminal justice has 

gone through multiple iterations (Bonta & Andrews, 2007). Actuarial instruments 

have outperformed first generation clinical assessments for a variety of reasons. The 

subjective nature of clinical assessments leave room for inappropriate weight given to 

information (Gottfredson & Moriarty, 2006). However, even the actuarial tools have 

their deficiencies. Many of the actuarial tools are not evaluated and although they may 

claim to be valid, the results and methods of validation are absent (Berk et al., 2009). 

Additionally, evaluations that have been performed often use the same data that was 
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used in creating the model to test the model. This type of evaluation will lead to an 

elevated perception of forecast accuracy (Berk & Bleich, 2013). 

Machine Learning 

Linear models have historically been the most prominent of the actuarial 

devices used in predicting risk of recidivism. Risk of recidivism is not linear and 

therefore machine learning was suggested as a better solution for handling the non-

linear qualities of criminal risk (Tollenaar & Van der Heijden, 2013). Machine 

learning is an incremental process that begins with an initial estimate and improves the 

estimate once new information is available (Attewell & Monaghan, 2015). Berk et al. 

(2009) pointed out that “The non-linear relationships also help to explain why random 

forests do so much better than logistic regression and other parametric regression 

procedures” (pp. 205-206). 

Decision trees split the data by using predictor variables. Each decision tree 

is split at the node, and the predictor is placed on one of two branches. Moving 

from a single tree to multiple trees increases the accuracy of the predictive value 

(James et al., 2013). While the aggregation of multiple trees either by bagging, random 

forests, or boosting can produce a much more accurate prediction, interpretation of 

the model is diminished (Meeks, 2020). Risk assessment is dependent on the most 

accurate predictive qualities. Understanding the importance of accurate forecasting, 

Berk and Bleich (2013) strongly supported the use of machine learning methods in 

criminal justice research: "Random forests and stochastic gradient boosting represent 
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true machine learning procedures based on ensembles of classification trees. Both are 

nonparametric, rest on solid mathematical foundations, and have been widely battle 

tested. All of the evidence to date indicates that they can perform well in criminal 

justice applications" (p. 527). 

Using a final sample of 8,797 released prisoners from a 1994 database 

developed by the Department of Justice, Ozkan (2017) compared multiple machine 

learning algorithms: logistic regression, random forests, support vector machines, 

XGBoost, neural network, and Search algorithm. XGBoost was found to be the 

highest predictive score with an area under the curve (AUC) of .824. This score was 

not only better than the bare minimum of chance (.50) but also beat the null accuracy 

score of .70 (Ozkan, 2017). 

XGBoost was also found have similar predictive qualities in a study done by 

Curtis (2018). Using a sample of 258,248 prisoners that were released between 2010 

and 2013, Curtis used 109 predictors to compare random forests and XGBoost. Five 

different outcome variables were tested: recidivism, rearrest for any offense, 

reconviction for any offense, rearrest for violent offense, and reconviction for a violent 

offense. All five outcome variables were at three years post-release. 

Random forests performed slightly better than XGBoost did in the comparison 

(Curtis, 2018). Random forest had an AUC of .85 while XGBoost had an AUC of .83 

for recidivism. These values were almost identical to the values that Ozkan (2017). 

The AUC for XGBoost in Ozkan’s comparative study was .824, a difference of .006. 

This would be understandable if they were using the same sample, but the samples 
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were different in size and variables. 

Meeks (2020) used XGBoost, random forests, and C5.0 to predict violent 

reconviction on a sample of 251,170 offenders that had been released from TDCJ 

between 2010 and 2013. There were 115 predictor variables used and the outcome was 

measured at three years post release. After using down-sampling and synthetic 

minority over-sampling technique (SMOTE) to rebalance (due to low base-rate), 

XGBoost performed the best (AUC = .858). C5.0 (AUC = .850) and random forests 

(AUC = .833) were not much different than XGBoost. In Meek’s (2020) study, 

XGBoost performed better than in the studies done by Ozkan (2017) (AUC = .824) 

and Curtis (2018) (AUC=.083), but the consistency of the three showed the predictive 

qualities of machine learning in predicting recidivism. 

Shapley Value 

The Shapley value was developed by Lloyd S. Shapley (Hart, 1987). While the 

Shapley value was developed for game theory, it has recently been utilized in machine 

learning to identify and rank the variables important to the model. As pointed out by 

Ghorbani and Zou (2019), “a fundamental challenge is how to quantify the value of 

data in algorithmic predictions and decisions” (p. 1). The Shapley value determines 

a “player’s” (i.e., variable’s) marginal value by ordering all the players at random and 

adding them one at a time (Sundararajan and Najmi, 2020). By doing so, the Shapley 

value can provide an effect size for each of the variables. In the case of a machine 

learning algorithm predicting recidivism, the Shapley value can provide an effect size 
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for variables (players) that are completing a task (prediction). 

Mase et al. (2021) used the Shapley value to analyze COMPAS recidivism data 

to test for fairness. In this study, race was examined to test for fairness in recidivism 

risk prediction. Machine learning “considers three issues: whether changing xi has 

a causal future impact on y, whether omitting xi from a data set degrades prediction 

accuracy and whether changing xi has an important mechanical effect on f(x)” (Mase 

et al., 2021) (p. 12). Shapley value adds another layer to variable importance by 

looking at whether the variable is informative about the prediction. A downside to the 

Shapley value is that it becomes computationally challenging and almost impossible to 

look at all the combinations. While the findings of Mase et al. (2021) showed a 

positive impact (on race) for predicting recidivism for Black males, only six variables 

were used in the study. Increasing the number of variables will increase the 

computational requirements. 

Ning et al. (2021) used the COMPAS data and MIMIC data to assess the 

importance of six binary variables to predict recidivism two years post release and 

24-hour mortality (respectively). To aid in understanding variable importance, the 

Shapley additive explanations package (SHAP) (Lundberg & Lee, 2017) was used. 

SHAP was chosen to be used because not only is it helpful in explaining individual 

predictions, but it also “can provide heuristic measures of variable importance to 

overall model performance” (Ning et al., 2021,p. 2). The findings showed that race 

was not a good predictor of recidivism and previous studies (Mase et al., 2021) may 

have been picking up random noise. 
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Inclusion of interpretable machine learning (IML) such as SHAP (which is 

a package utilized in R), “improves the usability of ML models by revealing the 

contribution of variables to predictions” (Ning et al., 2021, p. 1). Difficulty can arise 

in using IMLs due to the computational workload to evaluate large numbers of 

variables. Shapley values can be valuable in understanding the importance and 

contribution of specific variables. This requires either smaller variable sets or 

determining through variable importance lists and literature which variables will be 

evaluated. 

Current Study 

The current study addresses the gaps in the literature on substance use 

frequency and type in relation to reconviction of a property crime or drug crime. 

Continued research into drug use, specifically in relation to property crimes and drug 

crimes is needed to fill the gaps in the literature. Machine learning has been shown to 

be an effective tool in assessing criminal risk, and thus in informing need and in 

interventions to reduce the risk/need. Additional research using IMLs will add to the 

literature and address the gaps in the scientific literature in relation to variable 

contribution to predictions. 
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CHAPTER III 

METHODS 

Participants 

Participants will include all 323,146 offenders released from TDCJ between 

fiscal years 2011 through 2016 who were assessed for substance use disorder. The first 

incarceration during the timeframe was used along with the last Addiction Severity 

Index (ASI) assessment prior to release.  

Measures 

Outcome variables 

Post-release conviction (as a measure of recidivism) for property and drug 

crimes were chosen as outcome variables; to be consistent with the definition of 

recidivism by the State of Texas, these convictions must have occurred within three 

years of release. Property crimes in the State of Texas (Texas Penal Code, 2021) are 

considered as the act of stealing, damaging, or destroying another person’s real or 

intangible property. The list of codes for property crimes is extensive, but some 

examples are larceny, theft, arson, vandalism, and criminal mischief. A drug offense 

for this study includes both drug offenses as outlined by the Texas statute and 

intoxication and alcoholic beverage offenses as outlined by the Texas penal code. 

Examples of these offenses would include the manufacture, distribution, and 

possession of illegal drugs, and drunk driving. 



Texas Tech University, William Gerber, May, 2022 
 
 
 

25 
 

Predictor Variables 

A list of 126 demographic, criminal history, educational, and substance use 

predictor variables were utilized. These predictors represent the “Big Four” and two of 

the “Moderate Four”. The predictors included both static (e.g., gender and place of 

birth) and dynamic variables (e.g., substance use and education). Demographic 

variables included characteristics like sex, age, race, and place of birth. Criminal 

history predictors included age at first arrest and number of times arrested and 

convicted for different types of offenses along with variables describing institutional 

misbehavior while incarcerated. The correctional educational programs offered within 

the TDCJ are the Cognitive Intervention Program (CIP) and Changing Habits and 

Achieving New Goals to Empower Success (CHANGES). Additional predictors 

assessing criminal thinking and antisocial attitudes and associates will also be 

included. 

Substance Use 

Substance use predictor variables were Alcohol Severity Index (ASI; McLellen 

et al., 1980) assessment scores, drug of choice and interaction values between ASI 

(intensity) and drug of choice (type). The drug classes used were alcohol, central 

nervous system (CNS) stimulants, marijuana, opiates, and other. Along with these 

individual classes of drugs, polysubstance with stimulants, and polysubstance without 

stimulants were also used.  
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ASI scores were used by TDCJ to assess individuals for a SUD. The ASI “is 

administered at all TDCJ substance abuse treatment programs as part of the 

admissions process to substance use treatment. Testers are also located at every intake 

facility and may administer the ASI based on screening findings” (TDCJ, 2018, p. 1). 

The ASI is a clinician-administered diagnostic assessment that should be 

completed using an interview process. The ASI used the composite score to assign a 

severity rating. The ratings were based on a scale of 0 to 9 as follows: 0–1: No 

imminent problem, treatment not indicated, 2–3: Slight problem; treatment may not be 

necessary, 4–5: Moderate problem, a treatment plan should be considered, 6–7: 

Considerable difficulty, begin a treatment plan, 8–9: Extreme problem, treatment is 

vital (McLellan et al., 1992). In addition to the interview, there is a self-report 

component in which the individual being interviewed identifies his/her top three drugs 

of choice from a list of:  alcohol, marijuana, cocaine/crack, other stimulants, opiates, 

hallucinogens, inhalants and tranquilizers/sedatives.  

The substance use predictor variables were developed using the information 

obtained from the ASI assessments. The ASI scores were converted to a percentage of 

the maximum score: for example, if an individual had a score of 6, then the converted 

score was (6/9) *100 = 67%. Columns for each drug were added and dummy coded to 

reflect the drug or drugs chosen for each individual. If the individual only chose one 

drug, then that drug was dummy coded with a 1. If the individual chose multiple 

drugs, then polysubstance with CNS stimulants was dummy coded with a 1 if one of 
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the drugs was a stimulant, and polysubstance without stimulants was dummy coded 

with a 1 if none of the multiple drugs chosen was a stimulant. 

The percentage ASI score was multiplied by the dummy codes of each drug 

classification to create an interaction variable for each drug classification. These 

new variables will create an interaction score of intensity (ASI score) by type (drug 

of choice). 

Criminal Attitudes and Associates 

The Measures of Criminogenic Thinking Styles (MOCTS; Mandracchia & 

Morgan, 2011)) is a 70-item self-report instrument that consists of five scales: Total 

Criminogenic Thinking, Control, Cognitive, Immaturity, and Egocentrism (Bell, 

2020). The MOCTS instrument has demonstrated strong reliability of internal 

consistency and test-retest reliability (alpha = 0.945; r = 0.62) (Bell, 2020; 

Mandracchia & Morgan, 2011). 

The Measures of Criminal Attitudes and Associates (MCAA; Mills & Kroner, 

1999) measures the number of criminal associates an individual reports. The MCAA 

also uses a self-report assessment to measure antisocial attitude by using a set of four 

scales: Attitudes Towards Violence (12 items), Sentiments of Entitlement (12 items), 

Antisocial Intent (12 items), and Associates (10 items) (Bell, 2020). As Bell (2020) 

pointed out, the MCAA "has demonstrated acceptable internal consistency (alpha = 

.89) and moderate to high correlations with other attitude measures, such as the 

Criminal Sentiment Scale (CSS) scales and the Pride in Delinquency (PID)" (p. 31). 
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The inclusion of the SUD variables, MOCTS and MCAA scores, criminal 

background, and demographic variables provides an extensive set of variables to 

create a machine learning model. A list of the 126 predictor variables broken down by 

classification of demographic or central eight category is provided  in the appendix. 

Procedure 

Deidentified data were supplied by TDCJ to Dr. Eugene Wang for the purposes 

of a study of sexual violence. This study is a secondary analysis of that dataset. Texas 

Tech University Human Research Protection Program reported that dataset met the 

criteria for an exempt study due to the deidentification of the data. 

Analysis 

Nonparametric vs. Parametric Analytic Approaches 

A traditional parametric approach to analyzing the contribution of variables to 

a binary outcome would be to use logistic regression. However, Berk et al. (2009) 

suggested that nonlinear and conditional relationships between predictors and binary 

criminal justice outcomes could not be as easily modeled using traditional parametric 

approaches. Berk et al. (2009) claimed there are a large number of non-linear 

associations that had yet to be incorporated into criminology theory. They ultimately 

concluded that "...non-linear relationships also help to explain why random-forests 

forecasts do so much better than logistic regression and other parametric regression 

procedures. In this instance, the parametric regression models got the functional forms 
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very wrong because the actual functional forms were unknown before the data 

analysis began" (pp. 205 - 206). 

As Berk and Bleich (2013) pointed out, "... complex decision boundaries pose 

a significant challenge for logistic regression or any parametric classifier. To forecast 

well, a researcher must understand the nature of the complexity, be able to translate 

that knowledge properly into an algebraic expression, and then have the data to 

construct an appropriate model. These requirements are daunting for criminal justice 

applications" (p. 541). 

Machine Learning 

Berk and Bleich (2013) stated: 

 "The transition to machine learning can confer a number of important benefits, 

some of which are not available otherwise. First, one is not limited to 

classifiers able to forecast one of two outcome categories. Second, forecasting 

errors that do not have equal costs can be introduced into the procedure at the 

beginning so that all of the results properly represent the preferences of 

stakeholders. Third, regularization is often built directly into the procedure to 

increase forecasting accuracy. Fourth, highly unbalanced distributions for the 

classes to be classified create no special problem as long as rare outcomes are 

important enough to be given extra weight in the analysis. Finally, some 

procedures will work well and in a principled manner, even when a very large 

number of predictors is included in the analysis."  
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They concluded: 

 "Random forests and stochastic gradient boosting represent true machine 

learning procedures based on ensembles of classification trees. Both are 

nonparametric, rest on solid mathematical foundations, and have been widely 

battle tested. All of the evidence to date indicates that they can perform well in 

criminal justice applications" (p. 527). 

Machine learning model development requires that an algorithm and tuning 

parameters be chosen. The algorithm will build the model and the tuning parameters 

will determine how the algorithm builds the model. The R package XGBoost will be 

used to conduct Extreme Gradient Boosting which has been shown to be the best 

option in building criminal justice prediction models (Curtis, 2018; Meeks, 2020; 

Ozkan, 2017). The prediction model outputs will be divided into four groups; true 

positive (will recidivate), true negative (will not recidivate), false positive (predicted 

to recidivate, but will not), and false negative (predicted to not recidivate, but will). 

Cross-Validation 

 The model will be "trained" (or generated) on 80% of the dataset and model 

performance will be tested on 20% of the dataset. These datasets are produced by 

stratified random sampling. This is done in a way that produces subsets with similar 

class proportions. Cross validation is necessary to create a training set that can be used 

to create the model and a testing set to test for generalization of the model. If the same 

dataset that was used to create the model was also used to test the model, the result 
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would be overfitting (Berrar, 2018). Overfit models are only predictive of the dataset 

they are drawn from since they are only measuring the exact same data. The most 

widely used type of cross-validation is k-fold cross-validation These training and 

testing datasets are created through a k-fold cross validation process. The most 

common number of folds is 5 or 10. The 5-fold validation process creates 5 random 

subsets of the data–the model is created on four subsets and validated against the last. 

This process allows for the test sample to only be used to test the generalization of the 

predictive model. 

XGBoost Algorithm 

The development of a model through machine learning starts with selecting an 

algorithm to use. There are dozens of statistical algorithms used in machine learning, 

and while there are differences in how each of the algorithms develop outcomes, the 

development process is similar (Meeks, 2020). The R package XGBoost which stands 

for "Extreme Gradient Boosting" (XGBoost, 2021) will be used as the algorithm to 

develop the model. Extreme Gradient Boosting model development is done through a 

series of decision trees. Each new decision tree is developed using the residual values 

from the previous tree to optimize the new tree (XGBoost, 2021). To develop the best 

model, it is necessary to tune model parameters (or “hyperparameters”); for this 

process the xgb.cv function will be used to identify the number of trees, which is the 

most important hyperparameter for XGBoost. 

By using the xgb.cv function, the model will be trained through an iterative 
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process. The training dataset will be looped through to determine the optimal number 

of trees/rounds/iterations. Once the AUC has not improved in five rounds, XGBoost 

will cease tuning. Once the optimal number of trees/rounds/iterations are determined, 

XGBoost uses the optimal tuning parameters from the cross-validation step to create 

the model. The model’s performance is then assessed using the testing dataset (i.e., the 

20%). 

The predict function was used and the cutpointr function from the R package 

by the same name was used to provide the best cutpoint using Youden’s J statistic 

(Youden, 1950). The Youden cutpoint provides the best distribution of true positives 

(TP), true negatives (TN), false positives (FP), and false negatives (FN) (see Meeks, 

2020). Since FN could provide the most problems when predicting risk for recidivism, 

it is important to minimize the number of FN 

Variable Importance 

The importance of each variable to the model will be determined by using 

Shapley values: these values will be determined by using the SHAPforxgboost package 

in R (Liu & Just, 2019). The SHAPforxgboost package rank orders the variables in 

order of their importance to the model. This variable importance list will be one 

measure of the substance use variables’ contribution to the predictive model. 
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Calculation of Logodds 

Along with the Shapley values, xgboostExplainer  (Foster, 2017) will be used 

to calculate the logodds of each individual variable for every participant. These are 

logodds above the base rate and can be added and subtracted. 

These logodds will allow us to extend the information about the importance 

of substance use variables to outcomes–the Shapley values can only rank order the 

variables, while the logodds values give us a distribution of the contribution of each 

variable for every person. 

A variable was created to test each individual’s odds for all of the substance 

use variables. If the individual has odds above 0 for any of the variables, the new 

variable was TRUE, if odds for all of the substance use variables was 0 or less, the 

new variable was FALSE. 
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CHAPTER IV 

RESULTS 

Drug Reconviction 

Both models (drug reconviction and property reconviction) were trained on 

262,465 individual observations and tested on 65,615 individual observations; all 

model performance metrics are reported using performance on the test set. The 

algorithm used for both models was XGBoost. 

The AUC for the drug crime model was .741. This classification is categorized 

as large (Tollenaar & Van der Heijden, 2013; Table 4.1). A confusion matrix was 

developed (Table 4.2) using this model’s Youden cutpoint of .3522. The percentage of 

true positives was 74%, false negatives was 26%, true negatives was 62% and false 

positives was 38%.  

Table 4.1. 
AUC Classification  

AUC Classification 

.50 Chance 

.70 Acceptable 

.75 Large 

.80 Excellent 

.90 Outstanding 

Note: Tollenaar & Vander Heijden (2013) 
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Table 4.2.  
Drug Reconviction Confusion Matrix 

 Reconvicted Not Reconvicted 
Predicted to be 
Reconvicted 

10,784 
(True Positives 74%) 

19,480 
(False Positives 38%) 

Predicted to be not 
Reconvicted 

3,895 
(False Negatives 26%) 

31,456 
(True Negatives 62%) 

 
 
A variable importance list was developed using Shapley values. The top 20 

variables in descending order are displayed in Table 4.3. Alcohol was the ninth most 

important variable in determining probability of reconviction of a drug crime. Four of 

the top 20 variables were either previously arrested or convicted of a drug crime. 

Table 4.3.  
Drug Reconviction Variable Importance List  
 

Predictor Importance (Effect) 

1. Number of Tattoos .0398 

2. Number of previous drug possession arrests .0375 

3. Age at release .0341 

4. Days sentenced .0210 

5. Scars .0187 

6. Number of previous misdemeanor arrests .0137 

7. Number of previous VPDO drug arrests .0114 

8. TABE - Math .0105 
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Table 4.3. Continued 
 

Predictor Importance (Effect) 

9. Alcohol use .0103 

10. Days Served .0098 

11. Age at time of current incarceration .0094 

12. Number of previous VPDO drug convictions .0092 

13. Polysubstance without stimulant use .0082 

14. Number of previous DWI arrests .0065 

15. Gender = male .0060 

16. Minor disciplinary infractions (annual rate) .0060 

17. Polysubstance with stimulant use .0054 

18. Major disciplinary infractions (annual rate) .0051 

19. Race = Hispanic .0050 

20. TABE - Reading .0047 

 

Using xgboostExplainer, logodds were developed for all predictor variables for 

all individuals. The logodds are the proportion of marginal probability each variable 

contributes to the overall probability above the base rate (i.e., reconviction of a drug 

crime). The three substance use variables in the top 20 of variable importance were 

alcohol use, polysubstance without stimulant use, and polysubstance with stimulant 

use. Each one of these variables marginal logodds were plotted (alcohol use, Fig 4.1; 

polysubstance without stimulant use, Fig 4.2; polysubstance with stimulant use, Fig 
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4.3). For alcohol use, scores above 40% and below 90% showed an increase in 

marginal logodds of reconviction of a drug crime. Scores at 100% showed a decrease 

in marginal logodds of reconviction of a drug crime. The marginal logodds for 

polysubstance without stimulant use showed an increase for scores between 40% – 

90%. Scores at 100% showed a decrease in logodds of reconviction of a drug crime. 

Similarly, polysubstance use with stimulants showed an increase in logodds of 

reconviction of a drug crime between 50% – 75%. Like the other substance use 

variables, polysubstance with stimulants had a decrease in logodds for reconviction of 

a drug crime at 100%. The additional substance use variables had little to no additional 

marginal effect on the logodds of reconviction of a drug crime (see Appendix). 

Additionally, overall alcohol/drug use was plotted to show when all drugs are 

accounted for, there is not an increase of logodds at 0%, but instead a decrease of 

logodds (Fig 4.4).  
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Figure 4.1. 

Alcohol Use Logodds 

 

 
Figure 4.2. 
 
Polysubstance Without Stimulant Use Logodds 
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Figure 4.3. 

Polysubstance With Stimulant Use Logodds 

 

Figure 4.4. 
 
Alcohol/Drug Use Logodds 
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In addition to the logodds plots, density plots were developed using the 

logodds of the individual variables. The density plots show the distribution of logodds 

as illustrated in the three most important substance use variables, alcohol use (Fig 4.5), 

polysubstance without stimulant use (Fig 4.6), and polysubstance with stimulant use 

(Fig 4.7).  

Figure 4.5. 
Alcohol Use Logodds Density Plot 
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Figure 4.6. 
ASI Interaction Alcohol Logodds Density Plot 

 

Figure 4.7. 
Polysubstance With Stimulants Logodds Density Plot 
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Property Reconviction 

The AUC for the property crime model was .807. This classification is 

categorized as excellent (Tollenaar & Van der Heijden, 2013). A confusion matrix was 

developed (Table 4.4) using the Youden cutpoint of .462. The percentage of true 

positives was 74%, false negatives was 26%, true negatives was 72%, and false 

positives was 28%.  

Table 4.4.  
Property Reconviction Confusion Matrix 

 Reconvicted Not Reconvicted 
Predicted to be 
Reconvicted 

7,252 
(True Positives 74%) 

15,554 
(False Positives 28%) 

Predicted to be not 
Reconvicted 

2,533 
(False Negatives 26%) 

40,276 
(True Negatives 72%) 

 
A variables’ importance list was developed using Shapley values. The top 20 

variables in descending order are displayed in Table 4.5. Alcohol use was listed as the 

12th most important variable in determining probability of reconviction of a property 

crime. Marijuana use was listed as the 18th most important variable and polysubstance 

without stimulant use was listed as the 19th most important variable. There were no 

other substance use variables listed in the variable importance list. 
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Table 4.5. 
 
Property Reconviction Variable Importance List  
 

Predictor Importance (Effect) 

1. Number of previous VPDO property arrests .0431 

2. Release date (Fiscal Year) .0314 

3. Number of tattoos .0278 

4. Age at release .0223 

5. Number of previous VPDO property convictions .0212 

6. Scars .0165 

7. Days sentenced .0161 

8. Major disciplinary infractions (annual rate) .0107 

9. Days served .0094 

10. Number of previous larceny convictions .0086 

11. Race = white .0085 

12. Alcohol use .0079 

13. Number of times in State Jail .0058 

14. Release type-discharge .0056 

15. Age at first arrest .0050 

16. Age at beginning of current incarceration .0048 

17. Minor disciplinary infractions (annual rate) .0046 

18. Marijuana use .0046 
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Table 4.5. Continued 
 

Predictor Importance (Effect) 

19. Polysubstance without stimulant use .0039 

20. Number of previous larceny arrests .0039 

 

Using xgboostExplainer, logodds for predictor variables were developed. The 

marginal logodds for alcohol use was plotted (Fig 4.8). For alcohol use, scores above 

30% show a decrease in marginal logodds of reconviction of a property crime. 

Logodds of marijuana use between 40%-75% showed an increase in probability of 

reconviction of a property crime (see Fig 4.9). Additionally, marijuana use between 

75% - 100% showed a decrease in logodds of a property crime. Polysubstance without 

stimulant use from 40% - 75% showed an increase in logodds of property crime 

reconviction, but at 100% there was a decrease in logodds (Fig 4.10). The additional 

substance use variables had little to no additional marginal effect on the logodds of 

reconviction of a drug crime (see Appendix). Logodds for the individual substances 

increased at the 0% level. Most of the individuals that score a 0% on an individual 

substance are accounted for with another substance. When the substance variables 

were developed, individuals would receive a score of 0% on substances that they did 

not use. Therefore, when all drugs are accounted for, there is not an increase of 

logodds at 0% (Fig 4.11). 

 

 



Texas Tech University, William Gerber, May, 2022 
 
 
 

45 
 

Figure 4.8. 

Alcohol Use Logodds 

 

 

 

Figure 4.9. 

Marijuana Use Logodds 
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Figure 4.10. 

Polysubstance Without Stimulant Use Logodds 

 

Figure 4.11. 

Alcohol/Drug Use Logodds 
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Density plots were also developed using the logodds of the individual 

variables. The density plots show the distribution of logodds as illustrated in the three 

important variables previously plotted, alcohol use (Fig 4.12), marijuana use (Fig 

4.13), and polysubstance without stimulant (Fig 4.14). 

Figure 4.12. 
Alcohol Use Logodds Density Plot 
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Figure 4.13. 
Marijuana Use Logodds Density Plot 

 

Figure 4.14. 
Polysubstance Without Stimulant Use Logodds Density Plot 
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Summary 

The predictive accuracy for the two models were: drug reconviction AUC of 

.741 and property reconviction AUC of .807. Property crime reconvictions had a 

percentage of true positives of 74% and true negatives of 72%. Drug crime 

reconviction had a true positive percentage of 73%, and a true negative percentage of 

62%. Drug use was in both models’ top 20 variable important list. Alcohol use was 

listed as the 9th most important variable in drug reconvictions and 12th most important 

in property reconvictions. Polysubstance without stimulant use was listed as the 13th 

most important variable in drug crime reconviction, and the 19th most important in 

property crime reconvictions. Polysubstance with stimulant use was listed as the 17th 

most important variable in predicting drug crime reconviction. Finally, marijuana use 

was listed as the 18th most important in predicting property crime reconviction. No 

other substance use variables were listed in the top 20 most important variable for 

predicting either drug reconviction or property reconviction. 

Scatter plots of scores by logodds of those scores showed how different levels 

of addiction severity affected probabilities for reconviction for both drug crime 

reconviction and property crime reconviction. Marijuana use, polysubstance without 

stimulant, and polysubstance with stimulant all showed increased logodds for both 

drug crime reconviction and property crime reconviction. This increase occurred 

between 40% and 75%. These same variables also showed a decrease in logodds for 

both drug crime and property crime reconviction at the highest score (100%). Alcohol 

use showed an increase of drug crime reconviction logodds between 40% - 75%, with 
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a decrease in logodds at 100%. Alcohol use also showed a decrease in logodds of 

property crime reconviction from 40% to 100%.  

The first research question asked if drug and or alcohol use would have an 

effect of drug crime reconviction. Three substance use variables (alcohol use, 

polysubstance without stimulant use, and polysubstance with stimulant use) were in 

the top 20 important variables for predicting drug crime reconviction. All three of 

these showed a difference in logodds depending on not only the use of the substance 

but the intensity of the substance use. Increased use led to increased logodds of 

reconviction, until a point at which use at the maximum level led to decreased logodds 

of drug crime reconviction 

The second research question asked if drug and or alcohol use would have an 

effect on property crime reconvictions. Three substance use variables (alcohol use, 

marijuana use, and polysubstance without stimulant use) were in the top 20 important 

variables for predicting property crime reconviction. Marijuana use and polysubstance 

without stimulant use had both increased and decreased logodds of property crime 

reconviction contingent upon intensity of use. Alcohol use predicted a decrease in 

logodds for property crime reconviction. Additionally, the logodds were also 

dependent on the intensity of use.  

The third research question was whether a threshold could be determined for 

identifying the need for programs to reduce the risk of recidivism associated with drug 

and alcohol use. The development of logodd plots using xgboostExplainer,showed that 

a threshold could be developed to determine at what level substance use became a 
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need. By setting the threshold at 0, individual logodds would identify those that have a 

criminogenic need.  
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CHAPTER V 

DISCUSSION 

The Risk-Needs-Responsivity (RNR) framework on criminal conduct suggests 

that criminogenic risk/needs can be identified and reduced. One of those needs is 

substance abuse, but of the eight risk/need factors identified by Bonta and Andrews 

(2007), substance abuse is listed below other criminogenic risk factors such as 

criminal history, procriminal attitudes, antisocial personality patterns, and procriminal 

associates (Bonta & Wormith, 2013). 

This study was conducted to determine if substance abuse increases the risk of 

reconviction of drug crimes and property crimes above and beyond the risk based on 

Bonta snd Andrews’ (2007) Big Four (as they proposed in their framework). The data 

used for this study included offenders who had been incarcerated in the Texas 

Department of Criminal Justice and released between 2011 and 2016. An extensive list 

of criminogenic risk variables (i.e., criminal attitudes and criminal peers) was utilized 

along with seven (7) substance use scores derived from the Addiction Severity Index 

(ASI) assessment. Additional factors capture the more restrictive laws of Texas and 

latitude given to policing and prosecution of individuals. The study was formulated to 

answer three research questions. 
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Question 1: How much effect do drug and alcohol misuse have on 

recidivism of a drug crime? 

As expected, substance use was very important in predicting reconviction of a 

drug crime. Alcohol use was the ninth most important variable in predicting 

reconviction of a drug crime, polysubstance without stimulant use was the 13th most 

important variable, and polysubstance with stimulant was the 17th most important 

variable. Individuals with alcohol use scores between 40% to 75% had an increased 

probability of being reconvicted of a drug crime; however, alcohol use at 100% 

showed a decrease in probability of being reconvicted of a drug crime. A score of 44% 

- 55% indicates a moderate problem, and a treatment plan should be considered. A 

score of 67% – 78% indicates considerable difficulty, and a treatment plan is needed. 

A score of 89% - 100% indicates an extreme problem, and treatment is vital 

(McLellan et al., 1992).  

The important substance use variables are contingent on the severity of use. 

The more severe the use, the more likely that substance use impacts the risk for 

reconviction of a drug crime. This may seem a logical conclusion, but it is important 

to understand that a substance use disorder (SUD) is what puts an individual at risk. 

RNR proposes that substance abuse is a criminogenic risk/need. At the time of 

development of the RNR, the DSM-IV was being used and substance abuse was used 

to describe a mild SUD (American Psychiatric Association, 1994). The findings of this 

study show that more severe SUD have a higher risk associated with reconviction than 

the milder form of a SUD. The exception is individuals with the most severe SUD. 
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Individuals that scored at 100% of an ASI score were at less risk of being reconvicted 

of a drug crime.  

Question 2: How much effect do drug and alcohol misuse have on 

recidivism of a property crime? 

Substance use was also shown to have an effect on reconviction of a property 

crime. Alcohol use was the 12th most important variable in predicting reconviction of a 

property crime. Marijuana use was 18th, and polysubstance without stimulant was the 

19th most important variable at predicting property crime reconviction. All the 

substance use was also shown to be important in determining probability of 

reconviction of a property crime, although for differing reasons. Alcohol use greater 

than 40% showed a decrease in logodds of reconviction of a property crime. 

Marijuana use between 40% and 75% showed an increased logodds of reconviction, 

while marijuana use greater than 75% showed a decreased logodds. Polysubstance 

without stimulant use showed the same pattern as marijuana use.  

Like drug crime reconviction, the evidence of an SUD results in an increase in 

logodds of being reconvicted of a property crime for both marijuana use and 

polysubstance without stimulant use. While milder forms of an SUD did show an 

increase in logodds, individuals with a more severe SUD had increased logodds of 

being reconvicted of a property crime. This finding is in line with the Bureau of 

Justice Statistic’s proposal that 30% of state property crime offenders commit the 

crime to obtain drugs (OJP, 2021). Cravings help explain the criminal behavior. As 
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Morse stated when describing cravings and property crimes, “the addict’s essential 

claim is that his desires, his cravings, are so strong, so powerful, that he cannot control 

them, that he cannot help himself” (2004, p. 445). The underlying SUD, and the 

cravings associated with the disorder, provide insight into the increased logodds of 

property crime reconviction of those with a substance use disorder and marijuana and 

polysubstance without stimulant use. While alcohol use showed a decrease in logodds 

of reconviction of a property crime, SUD was influential in determining risk. 

However, individuals with the most severe SUD had decreased logodds. 

Decreased logodds was most evident in individuals that met the assessment criteria for 

treatment.  

Question 3: Can a threshold be determined for identifying the need for 

programs to reduce the risk of recidivism associated with drug and alcohol 

use? 

By developing logodds plots, thresholds were established for identifying when 

substances become a criminogenic need. Setting the logodds threshold at 0, needs 

were identified for individuals that had logodds above 0. Individuals who had logodds 

for the substance that were below 0 would be identified as not having a substance use 

need. The substances that were shown as important variables for drug crime 

reconviction (alcohol, polysubstance without stimulant, and polysubstance with 

stimulant) and property crime reconviction (alcohol, marijuana and polysubstance 

without stimulant) were more likely to identify more individuals that meet the needs 
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threshold. The other substance use variables were less useful in predicting the 

outcomes and had fewer individuals that met the threshold as is evidenced by the plots 

(see Appendix). The important variables also followed similar patterns for both 

outcomes. Depending on the level of use (percent of ASI score), the number of 

individuals that met the need threshold either increased or decreased.  

Additional Factors 
 

The purpose of this study was to determine if alcohol or drug use had a role in 

reconviction of drug and property crimes. While the findings of this study show that 

alcohol and drug misuse do influence reconviction of a drug or property crime, they 

are not, by any means, the greatest influence. As evidenced by the variable importance 

lists for drug and property crime reconvictions, more important variables ranged from 

arrests, convictions, and incarceration behavior to variables such as tattoos and age. 

These variables help give a more complete view of the risks associated with 

reconviction, and almost all of them can be tied directly to The Central Eight. 

However, there are also contextual factors to “crime” which must be discussed first. 

First and foremost, “crime” is a societal construct manifested through social 

policies (i.e., laws), as well as how those policies are interpreted and implemented by 

law enforcement (e.g., police) and prosecuted by the legal system. In the U.S., most 

criminal laws are defined by state legislatures. But the interpretation and 

implementation of those laws are local decisions made by city and county law 

enforcement and district attorneys. These differing policy creation, law enforcement, 
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and prosecutorial processes allow for wide discretion in decisions by the legal and 

criminal justice systems. Texas, for example, is famous for being “tough on crime.” 

This manifests in laws which criminalize behaviors (i.e., marijuana possession) not 

defined as crimes in all of the other states. Further, local Texas policing and 

prosecutorial practices give wide discretion to police, probation and parole officers, 

and district attorneys. These contextual factors show up as “predictive” of criminal 

outcomes in both the current study, but also other recidivism studies which have 

included factors such as the county of residence (Curtis, 2018, Meeks, 2020), as well 

as the time window when recidivism is measured (Curtis, 2018; Meeks, 2020) 

Thus, the systemic nature of the criminal justice systems can help explain some 

of these relationships. Arrests and convictions are both listed as important variables 

for both drug crime reconviction and property crime reconviction. Arrests were 

number one for property crime reconvictions and number two for drug crime 

reconvictions. Arrests and convictions were four of the top ten most important 

variables in predicting drug crime reconviction. Additionally, arrests and reconvictions 

were three of the top ten most important variables for predicting property crime 

reconvictions. As individuals become more known to law enforcement, and the 

judicial system, they are more likely to be observed more closely. Also, as individuals 

become part of the criminal justice system (e.g., probation, parole), their activities will 

be scrutinized more closely than those not in the system. The concept of cumulative 

disadvantage has been proposed to explain that continued contact with the criminal 
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justice system creates a deeper embeddedness within the system (Kurlychek & 

Johnson, 2019).  

Age has been thoroughly researched in relationship to recidivism. The findings 

of this study align with the previous research (Farrington, 1986; Sampson & Laub, 

2003; Sweeten et al., 2013). Reconviction is more likely in younger individuals, with a 

decrease in probability of reconviction as an individual ages. As shown in this study, 

the odds of reconviction are reduced by the time an individual reaches 50.  

One of the more interesting variables in the top ten for property crimes was the 

release date (fiscal year). This was the 2nd most important variable for predicting 

property crime reconviction. Prior to 2014, there was increased odds of reconviction 

and after 2014 there was decreased odds of reconviction. This corresponds with policy 

changes. In 2014, felony theft was changed from $1500 to $2500 (Urahn et al., 2017). 

This policy change had more influence on predicting reconviction of a property crime 

than all but one variable. An individual could behave the same, but the policy change 

leads to different risk of the outcome. This shows the impact that policy can have on 

recidivism. 

The individual attributes of scars and tattoos were listed in both models as 

important variables for predicting drug and property crime reconviction. Both 

variables have been present in previous machine learning recidivism predictions for 

violent crimes (Curtis, 2018; Meeks, 2020). Given the continued evidence of 

importance of these two variables in predicting reconviction, further research is 

warranted. It is important to note, however, the specific nature of the sample (released 
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felons) when making inferences about generalizability. Further, if most of these tattoos 

were received in jail or prison, they may be a “proxy” for the criminality constructs of 

the Big Four. Wang (2022, personal communication) provides some tentative support 

for tattoos and scars being “proxies” for the Big Four: when he added days 

incarcerated (over a person’s lifetime) to a model predicting sexual violence, tattoos 

and scars became much less important. 

Implications 

Methodological Implications 

The first implication of this dissertation is the understanding of the role that 

substance misuse and SUD play in reconviction of drug and property crimes. Machine 

learning models have been utilized to predict reconviction of violent crimes and 

overall reconviction (Curtis, 2018; Meeks, 2020; Ozkan, 2017). There has not been a 

machine learning model that predicts drug and property crime reconviction. 

Additionally, previous studies have not used substance use variables (only substance 

crime variables) in predicting recidivism. The findings that substances used are 

important variables in predicting reconviction of both drug and property crimes has 

several implications. The first is that only more severe forms of SUD increase the 

probability for reconviction. While this might not seem important, this could provide a 

different threshold for responding to the need. Criminal risk associated with substance 

misuse would need to be more diagnostic. Assessing for SUD is paramount in 

determining who might need treatment to reduce risk. 
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Another implication of this study is the use of logodds as variable weights. 

Logodds gave a more complete view of the unique effects of the substance use 

variables. Understanding how a variable is important is just as important and possibly 

more important than just knowing it is important. It was not until analyzing the 

logodds that it became evident that the risk, or lack of risk in the case of alcohol use 

and property crime reconviction, was more severe SUD. Also, release date was the 2nd 

most important variable for predicting property crime reconviction but determining the 

reason would have been difficult if not impossible without examining the logodds. 

Logodds have not been reported this way in predicting recidivism, and I have yet to 

find an occurrence of use in any study. This will be invaluable in understanding the 

relationships among predictors and outcomes in machine learning models. 

Practice Implications 

One application of the findings will be determining a threshold of “need” in 

criminal justice. By examining logodds, a more accurate determination can be made in 

who needs substance use treatment. Any individual that has a logodds above zero for 

any substance would be at risk. If an individual does not have a logodds above zero, 

then the risk of reconviction is not due to substance use and therefore substance use is 

not defined as a criminogenic need for the individual under the RNR framework. The 

ability to predict more accurately who needs treatment would provide for a more 

effective use of treatment resources. This could have not only budgetary, but also 

policy implications. An interesting finding in the study was the number of individuals 

that had a 0% score for any alcohol or drug use. These individuals overall had no 
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substance use. However, these individuals were all recommended for substance use 

treatment. This illustrates the need for using the more accurate logodds score to assess 

for risk. 

Public Policy Implications 

One of the goals of public policy is to regulate behavior, and the criminal 

justice system is a prime example of an attempt at regulating behavior (Dye, 2013). 

Interventions are a policy tool to change, or regulate, behavior with a policy outcome 

of reduced recidivism. Using better tools to identify appropriate interventions for 

individuals is a policy change that is identified in this study. This study also adds to 

the already established evidence of better risk assessment (Curtis, 2018; Meeks, 2020; 

Ozkan, 2017). Utilizing better risk assessment metrics will lead to a reduced number 

of individuals on the highest level of supervision. This policy change would allow for 

more prescriptive supervision.  

The most intriguing policy implication that emerged is the illustration of public 

health versus public safety. As evidenced by the findings of the study, there is a 

definite difference between drug crimes and property crimes. The most glaring 

difference is the lack of drug offenses as a predictor of property crimes. It is important 

to further research if this holds true for violent and sex crimes, and if so, would 

solidify the difference between drug crimes and crimes that affect public safety. This 

could lead to policy changes that provide public health interventions instead of public 

safety interventions for drug offenses.  
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Limitations and Future Research 
 
As with most research there were limitations to the study. Some of those 

limitations provide fertile ground for future research opportunities. 

The first limitation is the measurement of the outcome:  conviction for a drug 

crime or a property crime. As noted above, this “measure” is an imperfect measure of 

an individual’s behavior. The large number of static predictors that were in the 

variable importance lists illustrate that much of the predictive power lies in areas that 

the individual cannot change. Additionally, the variables do not take into consideration 

societal issues that might lead to recidivism. Issues with housing, family, employment, 

and treatment outcomes could add more context and predictability. 

The second limitation is the predictor variables that were available. Due to 

constraints of using secondary data, the variables available were the ones provided by 

TDCJ. While the variable list was extensive, there are several variables that might 

have been beneficial in predicting recidivism. Parole and probation data would have 

provided reasons for failures, along with substance use data such as urinalysis 

information. Parole and probation data provide employment, housing, marital status, 

and other information that could have been helpful in providing a more dynamic view 

of the individual. These could have been beneficial in creating a more predictive 

model. As the study only viewed drug and property crime reconviction, additional 

outcomes could have been important in a more general view of the role substance 

misuse has on reconviction. There have been machine learning studies on predicting 

violent reconviction (Curtis, 2018; Meeks, 2020; Ozkan, 2017), but these studies did 
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not include substance use variables. Addition of a prediction model with violent crime 

reconviction would have been helpful in providing a larger overview of the impact of 

substance misuse. Also, treatment variables were not included. Understanding the 

mitigation of risk that treatment might create would be an opportunity for future 

research. Examination of the different types of substance use treatment that are 

available within TDCJ, and if they provide a reduction in risk, would be helpful to 

those in criminal justice and policymakers.  

Finally, a limitation could be the choice of identifying only the 20 most 

important variables for both models. This number has been used in some research 

(Curtis, 2018) but is an arbitrary number. As each model is different, the number of 

important variables could vary. However, the Shapley values in the variable 

importance lists demonstrate the diminishing returns in effect size as more variables 

are considered. Thus, looking at more than the top 20 most important variables gives a 

vastly diminishing return. 

Future Research 

Along with the already mentioned research opportunities, there are some 

additional areas that need further investigation. Research into other Central Eight 

factors, particularly the moderate four to see how much influence these factors have 

on reconviction. This research would provide more insight into early intervention and 

policy. Also, more research into how policy plays a role in criminal reconviction is 

highlighted by the findings of release date in this study.  
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Conclusions 
 

Substance misuse has been proposed as a criminogenic risk/need (Bonta & 

Andrews, 2007). The current study showed that individuals with a SUD are at more 

risk of reconviction of a drug and property crime. Machine learning has been shown to 

be a more robust way of predicting crime (Curtis, 2018; Meeks, 2020; Ozkan, 2017), 

and the current study shows that these techniques can also accurately predict drug 

crime and property crime reconviction. Additionally, type of substances used provides 

a more specific way of determining which individuals will have increased reconviction 

risk. This allows for a better determination of addressing needs and providing 

treatment for the individuals that are at risk. 

This study adds to the already expanding research on machine learning 

predictive models, especially when predicting reconviction. This dissertation also adds 

to the research by using machine learning interpretation techniques. The creation of 

logodds for the variables gave an insight which has not been seen before in criminal 

justice or substance use research. Logodds were able to pinpoint at what level of 

substance misuse an individual moves into criminogenic need. Continued 

development of interpretable machine learning tools will continue to not only provide 

insight into the predictions but will create more trust in the black box elements of 

machine learning. Building better risk tools will be beneficial in being more 

prescriptive with interventions for those in the criminal justice system. Better risk 
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tools will also decrease the revolving door of prisons as monitoring will be aligned 

with risk. 

As machine learning becomes more integrated into academic research, the 

opportunities for understanding complex issues will be more available. This 

dissertation provides insight into the role substance misuse plays in criminal 

reconviction; hopefully other areas of substance misuse and prevention of substance 

misuse can benefit from utilizing machine learning. This dissertation also shows the 

emerging capabilities of interpretable machine learning tools. These tools may be the 

impetus for creating the next generation of machine learning research. The 

opportunities to better understand and predict complex issues, such as substance 

misuse, are becoming more available through machine learning. 

This dissertation also addresses the deficiencies in identifying substance use 

risk/need of individuals incarcerated in TDCJ. A more accurate tool was developed 

that will better identify individuals who could benefit from substance use treatment. 

More accurate identification of individuals with substance use risk/need will lead to a 

decrease in risk of recidivism. It is also important to recognize the risk that is being 

addressed. As there is a definite difference between drug crimes and property crimes, a 

better understanding is needed to make an informed decision. Further research into the 

role drug use has on violent and sex crimes will provide a more complete 

understanding of the difference between drug crimes and other crimes. This could lead 

to different interventions for drug offenses which would be of a more clinical nature.  
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Finally, while this study found important variables for predicting reconviction 

of both drug crimes and property crimes, it is important to not use some of these 

variables as pariahs. It is important to remember that the individuals in this study had 

been previously incarcerated and certain variables such as tattoos appear to be proxys 

for time spent incarcerated. It is important to avoid using these findings to add to the 

stereotypes of common human behavior outside of the context of this study.  
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Appendix A 

Additional Tables and Figures 
 
Table A.1  
Predictor Variables 

Predictor Variables 

Criminal History & Antisocial Personality Patterns 

Total number of offenses Release Date Year 

Total times in prison Total times in intermediate sanction 
facility 

Total times in state jail Total times in SAFEP 

Days served of current sentence Length of current sentence 

Major disciplinary infractions (annual 
rate) 

Minor disciplinary infractions (annual 
rate) 

Number of scars Days good time lost (annual rate) 

Age at first arrest Number of tattoos 

Number of previous felony arrests Number of previous arrests 

Number of previous VPDO drug arrests Number of previous misdemeanor 
arrests 

Number of previous VPDO property 
arrests Number of previous VPDO other arrests 

Number of previous burglary arrests Number of previous VPDO violent 
arrests 
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Predictor Variables 

Number of previous other drug arrests Number of previous commercialized sex 
arrests 

Number of previous forgery arrests Number of previous drug possession 
arrests 

Number of previous larceny arrests Number of previous fraud arrests 

Number of previous other offense arrests Number of previous obstruction public 
order arrests 

Number of previous sexual assault 
arrests Number of previous robbery arrests 

Number of previous weapons offenses 
arrests 

Number of previous stolen/damaged 
property arrests 

Number of previous assault arrests number of previous homicide arrests 

Number of previous sexual assault 
against a minor arrests Number of previous DWI arrests 

Number of previous drug delivery 
arrests 

Number of previous stolen vehicle 
arrests 

Number of previous family offense 
arrests 

Number of previous indecency with a 
child arrests 

Number of previous escape arrests Number of previous arson arrests 

Number of previous failure to register as 
a sex offender arrests Number of previous kidnapping arrests 

Number of previous sex offense arrests Number of previous other violent sexual 
offense arrests 

Number of previous sexual violence 
arrests Number of previous child offense arrest 

Number of previous felony convictions       Number of previous convictions        

Number of previous VPDO drug 
convictions      

Number of previous misdemeanor 
convictions       
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Predictor Variables 

Number of previous VPDO property 
convictions      

Number of previous VPDO other 
convictions      

Number of previous burglary 
convictions       

Number of previous VPDO violent 
convictions      

Number of previous other drug 
convictions      

Number of previous commercialized sex 
convictions      

Number of previous forgery convictions       Number of previous drug possession 
convictions      

Number of previous larceny convictions       Number of previous fraud convictions       

Number of previous other offense 
convictions      

Number of previous obstruction public 
order convictions     

Number of previous sexual assault 
convictions      Number of previous robbery convictions       

Number of previous weapons offenses 
convictions      

Number of previous stolen/damaged 
property convictions      

Number of previous assault convictions       number of previous homicide 
convictions       

Number of previous sexual assault 
against a minor convictions   Number of previous DWI convictions       

Number of previous drug delivery 
arrests      

Number of previous stolen vehicle 
convictions      

Number of previous family offense 
convictions      

Number of previous indecency with a 
child convictions    

Number of previous escape convictions       Number of previous arson convictions       

Number of previous failure to register as 
a sex offender convictions 

Number of previous kidnapping 
convictions       

Number of previous sex offense 
convictions      

Number of previous other violent sexual 
offense convictions    

Number of previous sexual violence 
convictions      

Number of previous child offense 
convictions      
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Predictor Variables 

Inmate type - Institutional Division Inmate type - State Jail 

Release - Discharged Release - Discretionary Mandatory 
Supervision 

Release - Mandatory Supervision Release - parole 

Release - probation Registered sex offender for prior offense 

Registered sex offender for current 
offense Sex offender treatment - completed 

Sex offender treatment - partial  

Procriminal Attitudes  

MOCTS Control MOCTS Inattentiveness 

MOCTS Egocentrism MOCTS Cognitive Immaturity 

MCAA Violence MOCTS total 

MCAA Entitlement MCAA intent 

MCAA total  

Procriminal Associates  

MCAA Associates Gang affiliation 

Education  

CTE course hours attended Academic course hours attended 
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Predictor Variables 

CHANGES hours attended CIP course hours attended 

TABE - Math TABE - Composite 

TABE - Language TABE - Reading 

Substance Use  

Alcohol use ASI score 

Marijuana use CNS stimulant use 

Other drug use Opiate use 

Polysubstance without simulant use Polysubstance with stimulant use 

Demographics  

Race = black Race = Hispanic 

Race = white Gender = male 

Age at time of current incarceration Age at release of current sentence 
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Important Variables Drug Crime Reconviction Logodds 
 
Figure A.1. 
 
Tattoos Logodds 
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Figure A.2. 
 
Previous Drug Possession Arrests Logodds 
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Figure A.3. 
 
Age at Release Logodds 
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Figure A.4. 
 
Sentence Length Logodds 
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Figure A.5. 
 
Scars Logodds 
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Figure A.6. 
 
Previous Misdemeanor Arrests Logodds 
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Figure A.7. 
 
Previous Drug Arrests Logodds 
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Figure A.8. 
 
TABE - Math Logodds 
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Figure A.9. 
 
Days Served Logodds 
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Substance Use Variables Drug Crime Reconviction Logodds 
 
Figure A.10. 
 
CNS Stimulant Use Logodds 
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Figure A.11. 
 
Marijuana Use Logodds 
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Figure A.12. 
 
Opiate Use Logodds 
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Figure A.13. 
 
Other Drug Use Logodds 
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Figure A.14. 
 
Previous Property Crime Arrests Logodds 
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Figure A.15. 
 
Release Date (Fiscal Year) Logodds 
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Figure A.16. 
 
Tattoos Logodds 
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Figure A.17. 
 
Age at Release Logodds 
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Figure A.18. 
 
Previous Property Crime Convictions Logodds 
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Figure A.19. 
 
Scars Logodds 
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Figure A.20. 
 
Sentence Length (Days) Logodds 
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Figure A.21. 
 
Major Disciplinary Infractions (Annual Rate) Logodds 
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Figure A.22. 
 
Days Served Logodds 
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Figure A.23. 
 
Previous Larceny Convictions Logodds 
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Figure A.24. 
 
CNS Stimulant Use Logodds 
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Figure A.25. 
 
Opiate Use Logodds 
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Figure A.26. 
 
Other Drug Use Logodds 
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Figure A.27. 
 
Polysubstance with Stimulant Use Logodds 
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