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Abstract 

Previous studies found support for the victim-offender overlap, but far less is known 

about why the relationship exists. To address this gap, the current study uses social 

network analysis (SNA) to measure risky lifestyles, which has implications for future 

victimization. SNA can provide nuanced insights into how risky lifestyles may lead to 

serious victimization. Such nuance includes more precise measures of delinquent peer 

associations, including peer (social), conflict, and co-offending relationships. Using data 

from the Incarcerated Serious and Violent Young Offender Study (ISVYOS), the current 

study operationalized risky lifestyles using network measures and examined whether 

these network characteristics can predict serious victimization. Findings from bivariate 

comparisons show that differences in network characteristics exist across victims and 

non-victims. Multivariate analyses suggest that offenders’ embeddedness in dense 

criminogenic networks prospectively predict serious victimization. Further, offenders’ 

changes in network characteristics showed partial support towards the aggregate age-

crime curve. Recommendations for policy and practice are discussed with reference to 

these findings. 

Keywords: aggregate age-crime curve; risky lifestyles; serious and violent young 

offenders; serious victimization; social network analysis 
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Chapter 1.  
 
Introduction 

The victim-offender overlap indicates that victims and offenders share similarities 

(Jennings et al., 2012; Turanovic & Young, 2016). One of the robust indicators of 

victimization is previous violent offending (Berg & Loeber, 2011; Berg et al., 2012; 

Turanovic et al., 2018). Hindelang et al. (1978) use lifestyle theory to understand the 

victim-offender overlap. Lifestyle theory posits that individuals are exposed to greater 

chances of victimization when they spend time at high-risk places (Jennings et al., 2012; 

Schreck et al., 2008; Smith & Ecob, 2007; Taylor et al., 2008; Turanovic et al., 2015). 

Lifestyle theory postulates that particular behavioural routines are riskier because they 

expose individuals to potential offenders, increase targets’ vulnerabilities, and diminish 

guardianship (Turanovic et al., 2015). Regardless of the location of the study, population 

(i.e. sample size), and analytic techniques, a large body of research has consistently 

found support for the victim-offender overlap.  

Risky lifestyles, which are structurally embedded in individuals’ immediate social 

environments, function as precursors to offending, victimization, and repeat victimization 

(Turanovic et al., 2016). It is critical to acknowledge that victimization and offending “[do] 

not occur in a vacuum” because these events are shaped by immediate social 

interactions (Turanovic et al. 2018, p. 268). Demographic characteristics (e.g. age, race, 

gender), self-control, and individual-level factors (e.g. family, peer) are associated with 

victimization (Jennings et al., 2012; Turanovic et al., 2015). However, individuals’ 

embeddedness in group-based contexts should be considered since one’s social 

networks can uncover hidden group mechanisms towards the victim-offender overlap 

(Borgatti et al., 2018; Bouchard, 2020; Bouchard & Malm, 2016; McGloin & Kirk, 2010; 

Turanovic & Young, 2016; Weerman, 2011). The victim-offender overlap may be 

explained by individuals’ lifestyles (e.g. high-risk times, places and people). To date, few 

studies addressed various factors that constitute risky lifestyles, which may constrain 

individuals’ behavioural options and influence victimization (Pratt & Turanovic, 2018). As 

such, the current study strives to fill the gap in the literature by measuring risky lifestyles 

using SNA. Specifically, network characteristics of offenders in different types of social 
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settings are used to understand victimization. Compared to previous studies that used 

behavioural proxies to measure risky lifestyles, social network analysis (SNA) can better 

encapsulate the context (i.e. social mechanisms) behind the victim-offender overlap. 

1.1.   Study aims 

The current study uses a network approach to measure the contextual 

background of victimization. Criminal behaviours and victimization exist in “a networked 

world,” and it is misguided to treat offending and victimization as if they exist in isolation 

(Bouchard & Malm, 2016, p. 16). Individual traits and risk factors are important in 

explaining victimization, but their causal relationships are shaped by the broader social 

context (Turanovic et al., 2018).  

First, the current study examines risky lifestyles using different types of network 

ties (e.g. delinquent peers, co-offending, conflict) to predict serious victimization. It is 

well established that the victim-offender overlap exists, but it is less clear why the 

relationship exists. Risky lifestyle may be a common denominator between victims and 

offenders. The measurement of risky lifestyles should acknowledge the importance of 

being embedded within at-risk social groups (e.g. delinquent peer, conflict, co-offending 

associations). Many studies have operationalized risky lifestyles using a variable-

oriented approach, but network characteristics may be informative of individuals’ risky 

lifestyles. SNA can provide nuanced insights into how such risky lifestyles may lead to 

serious victimization. Such nuance includes more precise measures of delinquent peer 

associations, including peer (social), co-offending, and conflict relationships. Thus, the 

current study is theoretically guided by risky lifestyle framework and methodologically 

guided by SNA to unpack the relationship between risky lifestyles and the victim-

offender overlap.  

Second, the limited network-based research focused on homicide and firearm-

related victimization (e.g. Papachristos, 2009; Papachristos et al., 2013; Papachristos et 

al., 2012). The current study builds upon this prior research by examining serious 

victimization more broadly. Third, the current study aims to fill the gap in the literature 

regarding measures of the deviant peer association of risky lifestyles that predominantly 

focused on whether deviant peers are present or absent. Past studies relied on 

demographic characteristics, individual-level risk factor profiles, and behavioural patterns 
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as proxy measures of risky lifestyles. However, the majority of existing studies have yet 

to consider how individuals’ network embeddedness may influence the risk of serious 

victimization (Pratt & Turanovic, 2016). Individuals’ routine activities and risky lifestyles 

are dynamic processes (Turanovic & Pratt, 2012) and it should be understood how these 

dynamic processes are embedded in the broader social context (Turanovic et al., 2018). 

For this reason, it is hypothesized that the victim-offender overlap can be understood, in 

part, through a more nuanced measurement of risky lifestyles. A proper measurement of 

risky lifestyles acknowledges the importance of being embedded in an at-risk social 

group. In that way, SNA can be used to address questions about how individuals’ ties 

can influence victimization. Lastly, longitudinal studies are needed to help identify the 

temporal relationship between risky lifestyles and victimization experiences (Henson et 

al., 2010; Jennings et al., 2010; Klevens et al., 2002; Schreck et al., 2006). Therefore, 

the current study addresses a key limitation on previous research by using longitudinal 

network data that are adjusted for temporal order. 

Using lifestyle theory and SNA as theoretical and methodological frameworks, 

the current study seeks to answer questions about network ties and serious 

victimization. To unpack the victim-offender overlap, the current study also examines the 

following: 

1. Are there differences in the lifetime network characteristics between offenders 

who have/have not been seriously victimized?  

2. Among offenders, can serious victimization be prospectively predicted within 

delinquent peer, conflict, and co-offending networks, net other risk factors? If a “network 

effect” does exist, why does it exist?  

3. Do offenders’ peer, conflict, and co-offending networks change after 

experiencing serious victimization? Is there a reciprocal relationship between networks 

and victimization?  

1.2.   Overview of chapters 

Chapter 2 provides an overview of different theoretical perspectives aimed at 

understanding the victim-offender overlap, including routine activities theory and lifestyle 

theory. Next, empirical findings across the victim-offender overlap are discussed. 



4 

Chapter 3 provides an overview of social network analysis by discussing its theoretical 

backgrounds, fundamental propositions, and key concepts. This chapter provides a 

review of various network research in the context of victimization. Specifically, research 

focusing on peer, co-offending, and conflict networks is presented. Chapter 4 discusses 

the methodology of the current study. Chapter 5 presents network visualizations and the 

findings of bivariate and multivariate analyses. Lastly, chapter 6 discusses the 

implications of the findings, limitations of the current study, and avenues for future 

research. 
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Chapter 2.  
 
Victim-offender overlap 

Victims and offenders share similar profiles with respect to demographic 

characteristics, risky lifestyles, and low self-control (Jensen & Brownfield, 1986; 

Lauritsen et al., 1991; Sampson & Lauritsen, 1990; Schreck, 1999; Schreck et al., 2006). 

A strong relationship between offending and risk of victimization is established and such 

relationship is referred to as the victim-offender overlap (Berg et al., 2012; Holtfreter et 

al., 2010; Jennings et al., 2010; Jennings et al., 2012; Lauritsen et al., 1991; Sampson & 

Lauritsen, 1990; Peterson et al., 2004; Posick, 2013; Schreck, 1999; Taylor et al., 2008). 

Offenders, compared to non-offenders, experience a higher risk of violent victimization 

and re-victimization (Cops & Pleysier, 2014). The victim-offender overlap is consistently 

established regardless of the sample, methodology, and different forms of offending and 

victimization (Jennings et al., 2012; Posick, 2013; Turanovic & Pratt, 2016).  

Similar results are found in the adolescent population as youth are more likely to 

be victimized if they engage in delinquency after their first victimization (Schreck et al., 

2006) and they are at increased risk of being re-victimized if they engage in violent 

offending (Ruback et al., 2014). Adolescents who frequently engage in delinquent 

lifestyles are at higher risk of victimization, even after controlling for the reciprocal effect 

of victimization on delinquent lifestyles (Henson et al., 2010; Lauritsen et al., 1991). 

Peterson et al. (2004) found that gang-involved youth who engage in violent offending 

are at a higher risk of experiencing serious victimization (Jennings et al., 2010) 

compared to non-gang involved youth.  

The victim-offender overlap is empirically valid for different forms of offending 

and victimization. For example, victims are more likely than non-victims to be arrested 

for property, violent, and drug-related crimes (Dobrin, 2001). Studies have found that 

homicide offenders are more likely to experience different types of victimization, 

including homicide victimization (Dobrin, 2001; Jennings et al., 2012). Maldonaldo-

Molina et al. (2010) established that, among Hispanic victims and offenders, the victim-

offender overlap exists with respect to individual profiles (e.g. gender, sensation 

seeking), family profiles (e.g. coercive discipline), delinquent peer relationships, and 
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negative school environments. Tewksbury and Mustaine (2000) found that individuals 

with a history of vandalism offences were at a higher risk of being victimized for 

vandalism, as opposed to individuals who have not engaged in vandalism. Their findings 

supported the “principle of homogamy” as it shows similarities between the lifestyles of 

victims and offenders (Hindelang et al., 1978; Tewksbury & Mustaine, 2000). Jennings et 

al. (2010) found an overlap between individuals in a high-rate victimization trajectory 

group and moderate-rate delinquency trajectory group. Similarly, they observed an 

overlap between individuals in non-delinquent and low-rate delinquent trajectories and a 

non-victimization trajectory group. Piquero et al. (2005) established that low self-control 

was a significant correlate of both violent offending and homicide victimizations. 

Moreover, the victim-offender overlap can be extended to the mentally disordered 

population, as Silver (2002) found that victimized patients were more likely to be 

involved in conflicts.  

Although there is a clear relationship between victimization and offending, an 

important line of analysis involves looking at why individuals tend to be victims and 

offenders. The victim-offender overlap may be, in part, explained by the similarities in the 

lifestyles of victims and offenders. For example, Berg and Loeber (2011) found that the 

victim-offender relationship may be context-specific, especially when individuals are 

exposed to structural adversity (e.g. low poverty neighbourhoods). They found that the 

magnitude of the effect of previous offending on victimization is most robust in 

disadvantaged neighbourhoods (p. 444). It could be inferred that both victims and 

offenders share structural adversity, and such commonality may function as antecedents 

to their risky lifestyles. Moreover, Wittebrood and Nieuwbeerta (1999) found a high 

correlation between groups of individuals who were violently victimized and individuals 

who engaged in theft. They established that individuals who commit acts of violent 

crimes and vandalism are at significantly higher risk of being victimized and postulated 

that the relationship can be partly explained by the similarities in risky lifestyles of victims 

and offenders (Wittebrood & Nieuwbeerta, 1999).  

Some have begun to unravel the victim-offender overlap by looking at routine 

activities theory; specifically, individuals that expose themselves to risky situations (e.g., 

leaving home regularly) may be exposing themselves to opportunities to become both an 

offender and/or a victim. Routine activities theory further implies that offenders are more 

likely to be victimized because they make themselves attractive targets for prospective 
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offenders in the absence of capable guardianship. The risk of victimization elevates as 

victims spend an increased amount of time with their delinquent peers and other 

offenders (Jensen & Brownfield, 1986; Pratt & Turanovic, 2015; Schreck et al., 2006). 

Individuals become suitable targets of crime (i.e. victims of predatory crime) by 

surrounding actors (i.e. motivated offenders) in the absence of capable guardianship 

(Schreck et al., 2006). Routine activities theory views that victimization occurs when 

these three elements converge (Pratt & Turanovic, 2015). It further suggests that the 

most convenient, visible and accessible targets of crime are individuals who spend time 

together. Offenders tend to victimize who they know because they are aware of their 

peers’ routines, vulnerabilities, and the kinds of valuables they have (Jensen & 

Brownfield, 1986; Schreck et al., 2006).  

Routine activities theory postulates that crimes occur when motivated offenders, 

suitable targets, and lack of guardianship converge at time and place (Cohen & Felson, 

1979). This perspective assumes that (a) occurrence of crime depends on available 

opportunities, and (b) daily lifestyles are dependent on macro (i.e. social structure) and 

micro (i.e. individuals’ lives) structural variables (Osgood et al., 1996). Therefore, the 

activities that take place outside of households contribute to the increased risk of 

victimization. Specifically, the core assumption of the theory is that “opportunity, 

exposure, and engagement in [non-household] activities” are the necessary conditions in 

the commission of criminal events (Jennings et al., 2010, p. 2151). Based on routine 

activities theory, individuals are likely to experience an increased risk of victimization 

when daily activity patterns increase target availability and decrease guardianship 

(Miethe et al., 1987). In other words, victims’ activities increase their attractiveness as 

when target suitability, absence of capable guardianship, and presence of motivated 

offenders converge (Cohen & Felson, 1979; Klevens et al., 2002; Messner & Blau, 

1987).  

However, missing from this perspective is attention to the qualitative nature of a 

person’s routine activities. For example, all instances of leaving home should not be 

treated as equally risky (Pratt & Turanovic, 2016) since individuals can leave home for 

various reasons. Thus, it is important to move forward from the behavioural proxies (e.g. 

time spent away from home) and measure more direct individual-level and social/group 

contexts that may be informative of why offenders tend to also be victims and vice-versa.  
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2.1.  Lifestyle theory  

Lifestyle and routine activities theories both view that victimization occurs when a 

motivated offender and suitable target meet in the same place and time in the absence 

of capable guardianship (Cohen & Felson, 1979; Hindelang et al., 1978). The 

fundamental difference between the two theories is that lifestyle theory acknowledges 

that the probability of being victimized depends on individuals’ level of risky lifestyles 

(Pratt & Turanovic, 2016). Lifestyle theory contends that the risk of victimization exists 

along a continuum, whereas routine activities theory postulates that victimization occurs 

when the three factors (e.g. motivated offenders, suitable targets, absence of capable 

guardianship) converge. Routine activities theory posits that victimization is unlikely to 

occur if any of the three core elements is missing and it neglects the probability of 

victimization (Pratt & Turanovic, 2016). Both offending and victimization are attributed to 

legitimate daily activities that take place away from home, rather than risky lifestyles. 

Therefore, the ratio of daily activities away from home to household activity is treated as 

a proxy to understand predatory crime and victimization (Miethe et al.,1990; Pratt & 

Turanovic, 2016). In effect, lifestyle theory provides a framework for understanding 

victimization, including the mechanisms leading to victimization, offending, and the 

victim-offender overlap.  

In lifestyle theory, Hindelang et al. (1978) hypothesize that personal victimization 

is dependent on individuals’ lifestyles. They explored causal mechanisms between the 

antecedents of lifestyle with victimization (p. 241). Specifically, role expectations and 

structural constraints originating from the social structure are the two components that 

impose behavioural constraints for individuals (p. 242). Role expectations refer to 

cultural norms and statuses that are anticipated of individuals (e.g. age, marital status, 

socioeconomic class). Further, Hindelang et al. (1978) introduce the idea of structural 

constraints (e.g. economic, familial, educational, legal domains) to understand the 

victim-offender overlap. Structural constraints are concentrated disadvantages that 

originate from economic, familial, and legal domains, which limit individuals’ choices of 

behavioural options (p. 242). Structural constraints shape individuals’ daily lifestyles, 
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ultimately influencing the risk of victimization1. Then, individuals adapt to role 

expectations and structural constraints and show regular behavioural patterns, which in 

turn, shape daily lifestyles. People learn attitudes and behaviours in response to their 

social environments and incorporate individual- and group-level adaptations to their 

routine activities (Hindelang et al., 1978; Turanovic et al., 2018). These adaptations 

consist of daily routine activities of any person, including going to work, school, keeping 

house, and leisure activities, which are ultimately used to indicate individuals’ lifestyles.  

Within lifestyle theory, Hindelang et al. (1978) state that the probability of being 

victimized increases when individuals are exposed to high-risk contexts. Victimization is 

more likely among certain groups of people as their behavioural patterns (i.e. risky 

lifestyles) lead to more frequent convergence of potential offenders and vulnerable 

targets at a particular time and space (Schreck et al., 2006). Examples of risky routine 

activities include going out alone in late nights, being intoxicated in public places, and 

frequent interactions with perpetrators of crime (Jensen & Brownfield, 1986; Klevens et 

al., 2002). Differential adaptations to role expectations and structural constraints result in 

variations in individuals’ lifestyles. Through this, individuals are placed in particular 

places during particular times, which influences the type of people they interact with 

(Hindelang et al., 1978). Therefore, lifestyle differences are associated with individuals’ 

exposure to high-risk contexts for both offending and victimization.  

Hindelang et al. (1978) contend that demographic characteristics (e.g. age, sex, 

race, income) are associated with role expectations (Miethe et al., 1990). Demographic 

characteristics are associated with the kinds of behaviours that may expose individuals 

to different levels of victimization risk (Turanovic & Pratt, 2016). For instance, young, 

single males who reside in urban areas are more likely to partake in circumstances 

where opportunities to commit crime, or experience victimization, are present (e.g. 

frequenting bars, walking or driving late at night) (Hindelang et al., 1978; Kennedy & 

Forde, 1990; Lauritsen et al., 1991). Hindelang et al. (1978) suggested a principle of 

homogamy, which indicates that individuals who share similar sociodemographic profiles 

 

1 Cohen and Felson (1979) explained that that routine activities and lifestyles refer to recurrent 
daytime or nighttime activities including work, leisure activities, and provision of food and shelter 
that shape individuals’ daily lives, which is ultimately associated with the risks of criminal 
victimization (Jensen & Brownfield, 1986; Messner & Blau, 1987; Miethe et al., 1987).  
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with potential offenders are more likely to experience personal victimization due to 

increased interactions between the two (Cohen et al., 1981; Klevens et al., 2002).  

2.1.1.  Lifestyle mechanisms influencing offending and victimization 

Offending and victimization are social processes that can be fully explained when 

the social context is closely examined (Turanovic et al., 2018). One way of 

understanding this social context in more detail is through the lens of a person’s risky 

lifestyle. Felson et al. (2013) found that risky lifestyles result from a victim’s daily 

behaviours. The criminogenic potential of certain routine activities that reflect an 

individual’s risky lifestyle, such as going out at night alone, parties and social activities 

without an authority figure, influence the likelihood of victimization (Felson et al., 2013). 

Therefore, lifestyles are important as they influence individuals’ exposure and 

guardianship, making potential victims vulnerable and unguarded (Jensen & Brownfield, 

1986). 

Lifestyle theory calls for a more nuanced understanding of offending and 

victimization. Not all daily activities should be treated with equal importance in terms of 

the probability of offending and victimization. Victimization depends on the nature of an 

individual’s behavioural patterns. Grocery shopping is not as risky as selling drugs, but 

routine activities theory does not incorporate such distinctions into its explanation of 

victimization (Pratt & Turanovic, 2016). It is the level of riskiness embedded within 

individuals’ behavioural patterns that makes them susceptible to victimization. More 

specifically, activities such as frequent nighttime activities, being intoxicated in public 

places, and interacting with gang members, are considered to be riskier than other daily 

activities, and the result is a higher odds of serious victimization (Miethe et al., 1990).  

In other words, Hindelang et al. (1978) emphasize the “antecedents” that lead to 

different lifestyles (Maxfield, 1987, p. 276). Those antecedents include behavioural 

options that are constrained by the level of education, income, social roles, and 

individuals’ “subcultural adaptations” to those constraints (Maxfield, 1987, p. 276). 

Motivated offenders, suitable targets, and capable guardians are not “randomly 

distributed” across time and space (Pratt & Turanovic, 2016, p. 341). Thus, victimization 

is more likely to occur in structural conditions that satisfy the three components because 

individuals are less able to alter their behavioural patterns if motivated offenders are on 
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their neighbourhood blocks (Hindelang et al.,1978; Pratt & Turanovic, 2016). A 

convergence of these structural conditions may represent “risky lifestyles.” More so, 

risky lifestyles may be shaped by surrounding actors who individuals interact with in their 

daily routines. Such actors not only expose individuals to opportunities for offending and 

victimization; but they may also constrain an individual’s behaviours and opportunities 

for lower-risk social contexts. Thus, association with delinquent peers may constitute an 

important component of an individual’s risky lifestyle. Numerous studies examined the 

relationship between delinquent peer association and victimization.  

2.2.  Delinquent peer association 

Many scholars called for victimization research to consider group processes 

behind offending and victimization, and some have sought to capture this group context 

by examining relationships with delinquent peers (e.g. Berg & Loeber, 2011; Berg et al., 

2012; Bunch et al., 2014; Pratt & Turanovic, 2016; Turanovic & Pratt, 2012; Turanovic et 

al., 2018). Delinquency research established that there is (a) a relationship between 

delinquent friends and delinquent behaviours and (b) an overlap between delinquency 

and victimization (Esbensen & Huizinga, 1991; Warr & Stafford, 1991). Esbensen and 

Huizinga (1991) concluded that individuals who are enmeshed in criminal lifestyles are 

more likely to be victimized. Sampson and Lauritsen (1990) found a peer effect among a 

sample of adolescents from the British Crime Survey, establishing a link between 

delinquency and victimization. Additionally, Peterson et al. (2004) highlighted that gang-

involved youth are at increased risk of serious victimization compared to non gang-

involved youth. There is a positive relationship between theft offending and theft 

victimization, and delinquent peers and low-self control were significant predictors of the 

offending and victimization link (Posick, 2013). Schreck et al. (2004) suggest that pro-

criminal peers may not provide protective mechanisms for victimization because the 

chances of being involved in violent offending and victimization increase as youth spend 

time with delinquent peers under minimal supervision. Thus, associating with delinquent 

peers may be considered a part of risky lifestyle, which ultimately increases the chance 

of being victimized.  

One of the limitations of previous studies examining delinquent peer effect is that 

they fail to account for a dynamic nature of risky lifestyles and embeddedness in a 

broader social context. Specifically, Lauritsen et al. (1991) examined the number of 
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times participants engaged in criminal activities to measure delinquent lifestyles. 

Similarly, Posick (2013) measured peer delinquency using survey data on participants’ 

delinquent activities, including drug use, stealing, burglary and assault. Warr and 

Stafford (1991) asked participants about the number of their friends’ delinquent acts in 

the previous year, and Schreck et al. (2006) counted the number of friends who had 

engaged in violent offences, such as armed robbery, aggravated assault with a weapon, 

and assault without a weapon. Cops and Pleysier (2014) identified that most 

victimization research either controls for demographic characteristics (e.g. gender, age, 

marital status, education) or makes certain inferences that direct indicators of lifestyle 

(e.g. number of nights out, time spent away from home) are informative of a risky 

lifestyle. 

Measuring lifestyles using these indicators (e.g. number of times individuals 

engaged in offending, number of delinquent friends, time spent away from home) might 

be problematic because it does not consider the broader social context in which 

victimization occurs (Turanovic et al., 2018). Turanovic and Pratt (2012) echoed such 

concerns by calling for attention to (a) individuals’ routine activity patterns as dynamic 

processes, (b) how these processes are embedded in the broader social context, and (c) 

how these processes change over time. Both offending and victimization are social 

processes that are structurally embedded and these can be fully explained only when 

the social context is closely examined (Turanovic et al., 2018). Although previous 

findings on peer effect are informative in victimization research, it may not appropriately 

(a) capture individuals’ embeddedness in broader social contexts and (b) predict future 

victimization using risky lifestyles that are captured at one point in time. Traditional 

measures of risky lifestyles are based on the implicit assumption that risky lifestyles are 

stable across the life-course. However, individuals change over time, and so do risky 

lifestyles (Turanovic et al., 2018). The current thesis responds to a call for a more 

nuanced approach to understand risky lifestyles and consider the context of group 

processes behind the victim-offender overlap using SNA (e.g. Berg & Loeber, 2011; 

Berg et al., 2012; Bunch et al., 2014; Pratt & Turanovic, 2016; Turanovic & Pratt, 2012; 

Turanovic et al., 2018). Therefore, the current study examines the social networks of 

offenders using peer, co-offending, and conflict networks.  
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Chapter 3.  
 
Social networks and victimization  

3.1.  Social network analysis: An overview 

Social network analysis (SNA) provides a set of theories and associated analytic 

strategies to describe and explain co-offending, map social structures of crime, delineate 

boundaries of group structures, and provide insights for practitioners (e.g. intervention 

and suppression tactics) (Bouchard, 2020; Bouchard & Malm, 2016; McGloin & Kirk, 

2010; Papachristos, 2014). Social networks refer to connections, including friendship, 

kinship, and criminal ties between the set of actors in a particular network structure 

(Bouchard & Malm, 2016). Most network theories focus on the formation of ties between 

actors and the benefits of social capital within the network structure (Borgatti & Lopez-

Kidwell, 2014; McGloin & Kirk, 2010). Additionally, SNA is an analytic tool that relies on 

mathematical and statistical foundations to examine mechanisms between social actors 

and how such processes can account for the outcomes of interests (Borgatti & Lopez-

Kidwell, 2014; Bouchard & Malm, 2016; McGloin & Kirk, 2010). 

SNA assumes interdependency between actors and proposes that network 

structures and actors’ positions shape their behaviours (Ennett & Bauman, 1996; 

McGloin & Kirk, 2010; Papachristos, 2014). In other words, actors’ opportunities for 

crime and/or victimization may be constrained or reinforced depending on the 

behaviours of other actors (McGloin & Kirk, 2010). This represents a fundamental 

distinction from many studies of the influence of peer association on victimization that 

tend to rely on measures of the behaviours of other actors indirectly (e.g., by asking 

individuals about their connections with delinquent peers). Within the social network 

framework, offenders and victims exist in a “networked world” as social beings, meaning 

that offending and victimization are interconnected and cannot be considered in isolation 

(Bouchard & Malm, 2016; Turanovic et al. 2018). SNA acknowledges the 

interdependency of actors, whereas traditional analyses assume independence of 

cases. Therefore, SNA allows for a better understanding of actors’ interconnectivity in a 

network and acknowledges that individual- or group-level behaviours are shaped by 

connections. Another fundamental assumption of SNA is that the mapping of 
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relationships and network characteristics is able to offer nuanced insights in 

understanding group structures compared to attribute variables such as age, gender and 

ethnicity (Knoke & Yang, 2008). Therefore, SNA can be used as a tool to deconstruct 

the structures of relationships between actors and explain various social behaviours 

(McGloin & Kirk, 2010). Similarly, SNA can be used to overcome criticisms of prior 

research on the victim-offender overlap that relied too heavily on demographic 

characteristics in making inferences about the mechanisms by which offending and 

victimization occur within the same person (Cops & Pleysier, 2014). Within the context of 

current thesis, SNA was used to address risky lifestyles by measuring different types of 

associations, including social connections to delinquent peers, conflicts with others, and 

co-offending ties.  

One of the strengths of SNA is that network data can be visually mapped through 

sociograms (Moreno, 1934). Visualizations are pragmatic in understanding network 

properties, types of relationships, and how these structural patterns influence individuals 

(McGloin & Kirk, 2010). Sociograms reflect relational data by representing actors as 

nodes and types of relationships as lines (referred to as edges) between nodes. Edges 

can be used to reflect the directionality and intensity of relationships using arrows and 

thicknesses of lines, respectively (McGloin & Kirk, 2010; Ouellet & Hashimi, 2019). The 

fundamental unit of analysis in SNA is a relationship between each node. Node levels 

refer to actors, whether it be a group or an individual, within a particular network. Dyad 

levels are the paired relationships between actors, while network levels consist of the 

collection of dyad level measurements within a particular network (Borgatti, Everett & 

Johnson, 2018). Sociograms, mathematical graphs, and statistical techniques analyze 

measures of centrality, density, and connectivity of a particular group. For example, 

degree centrality represents a total number of ties that an ego has to the surrounding 

actors. Betweenness centrality measures the level of brokerage an individual has. It 

measures individuals’ capacity to function as bridges between actors who are otherwise 

unconnected. Density represents the network’s cohesiveness, whereas centrality 

measures reflect the positioning and influence of actors in a given network. These 

analytical tools allow researchers to understand the network mechanisms and identify 

predictors of certain group behaviours or experiences, including victimization.  

SNA has been used to study gunshot victimization from a social contagion 

perspective (Papachristos et al., 2012). Papachristos and colleagues adopted a social 
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contagion model that is commonly used in health sciences to better understand the risk 

of victimization. A social contagion model indicates that opinions, behaviours, and 

attitudes are influenced by other actors in the network (Papachristos et al., 2015b). 

Social contagion refers to the transmission of certain behaviours within a group, and it 

can be used to explain the diffusion of victimization across people (Burt, 1987). 

Papachristos et al. (2012) modelled a network to predict the risk of gunshot victimization 

based on individuals’ proximity to gunshot victims. Additionally, Papachristos et al. 

(2015) used data from the Chicago Police Department on non-fatal gunshot victims and 

incident arrest records to create a co-offending network. The authors found that the 

more saturated an individual’s network was with gunshot victims, the higher their risk of 

being shot. 

The current thesis builds upon the previous line of findings by (a) looking at 

serious victimization more broadly, (b) examining different types of network ties, and (c) 

controlling for the temporal order between network ties that form before victimization and 

after victimization. Risky lifestyles can be contextualized by examining the different ways 

that individuals are tied to others. The current thesis looked at peer, conflict, and co-

offending ties. Specifically, peer (social) networks are examined as means to understand 

broader interactions between offenders; co-offending networks reflect the degree to 

which an individual is involved in criminal behaviour; conflict networks may be helpful for 

understanding how potential disputes can lead to experiences of more serious 

victimizations. Moreover, temporal adjustment between network ties and victimization 

can deconstruct the reciprocal relationship between the victim-offender relationship 

(Cops & Pleysier, 2014, p. 376). The mechanisms by which these different types of ties 

relate to victimization are not straightforward. The potential mechanisms by which these 

tie-types (e.g. delinquent peer networks, co-offending networks) relate to victimization 

are reviewed below.  

3.2.  (Delinquent) Peer networks 

Peer effects may be important in understanding victimization as delinquent 

friends expose adolescents to risky lifestyles (e.g. engaging in delinquent acts, selling 

drugs), which may ultimately influence the likelihood of victimization. Findings from 

studies that use SNA indicate that risks of engaging in delinquent acts and victimization 

may increase if adolescents are situated in cohesive delinquent peer networks since 
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they may engage in dangerous acts due to peer pressure. Delinquent peer networks are 

characterized by friendship/peer groups in various social settings that frequently engage 

in delinquency (i.e. small range of offences) (Haynie, 2001). Network boundaries are 

fluid, meaning that peer networks may change into co-offending or conflict networks 

(Bouchard & Konarski, 2014). Although delinquent peer networks may change its form 

into co-offending or conflict networks and vice versa, co-offending networks are formed 

under the need for trust and protection and the advancement of their criminal career 

(Tremblay, 1993).  

Using Add Health data (n = 20,000), Haynie (2001) studied whether the 

relationship between delinquency and friends’ behaviours would be conditioned when 

structural characteristics of friends’ networks are considered. She found that friendship 

network density moderates peer-delinquency association. For example, the association 

between friends’ delinquency and adolescents’ own delinquent behaviours is more likely 

to increase for highly central adolescents in dense friendship networks. In other words, 

when adolescents are on the periphery of less dense friendship networks, the peer-

delinquency association becomes weaker. Such findings may be extended to the current 

study as offenders’ peer network density may have implications for future victimization. 

Similarly, Weerman (2011) used longitudinal data (n = 1,156) from the Netherlands 

Institute for the Study of Crime and Law Enforcement Study to examine the relationship 

between delinquent peers and behaviours. Weerman (2011) found that adolescents’ 

behavioural adaptations occur in a way that their behaviours align with the ones of their 

network groups. While these studies examined the delinquency-peer association among 

adolescents using SNA, the current study extends this research by examining the 

relationship between offenders’ associations with delinquent peers using a network 

approach.  

Several studies used SNA to understand whether peer contexts play a role in 

understanding victimization. Expanding upon Haynie (2001), Schreck et al. (2004) 

examined whether delinquent peer associations influenced the likelihood of violent 

victimization by focusing on network measures (e.g. density, centrality, and popularity) 

using the Add Health data. They found that adolescents who are highly embedded in 

dense conventional peer networks were exposed to less violence. However, central 

members of dense delinquent peer networks were not necessarily protected from being 

violently victimized because increased amounts of violence were targeted at them due to 
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their positioning in the network. This finding indicates that different causal mechanisms 

that lead to victimization may be in place depending on the type of network individuals 

are embedded in. Additionally, previous research established potential mechanisms to 

understand future victimization. First, being deeply embedded in a delinquent peer 

network exposes individuals towards an increased risk of victimization (Decker et al., 

2008; Peterseon et al., 2004). Second, high embeddedness in a delinquent peer network 

may instead function as a protective mechanism against victimization. Using criminal 

social capital, sense of belongingness, gangs, and reputation (Descormiers, 2013), 

individuals seek protection from predatory crimes from the street and school (Decker & 

Curry, 2004; Janowski, 1991; Melde et al., 2009; Thornberry et al., 2003). 

Using a network approach, Turanovic and Young (2016) uncovered that 

homophily in violent offending and victimization can be explained using different social 

mechanisms. Homophily in violent offending could be explained by a selection effect, 

indicating that delinquent youth tend to associate with friends who share favourable 

definitions towards delinquency (Turanovic & Young, 2016). Violent offending can be 

explained using an influence effect, whereby violence is learned from surrounding peers 

in an environment where attitudes and definitions are favourable for delinquency. 

Altogether, these findings raise an important question of whether offenders’ high 

victimization rates can be explained by a selection, influence, or avoidance effect. They 

found an avoidance effect among adolescents as they tended to avoid interacting with 

victims due to the fear of social exclusion (Turanovic & Young, 2016). According to a 

selection effect, offenders who are friends with victimized offenders may be at increased 

risk of being victimized since such interactions may mark offenders as attractive targets 

(Turanovic & Young, 2016). In line with the influence effect, offenders who are friends 

with victimized offenders may have an increased risk of being victimized themselves. 

Although the vulnerability to victimization cannot be learned, victims’ friends may be 

targeted by potential offenders, and such process can be explained by the social 

contagion model, where violence is diffused within a population (Turanovic & Young, 

2016). Offenders embedded in risky social networks may display homophily as a result 

of avoiding victimized peers (i.e. avoidance effect). In sum, Turanovic and Young (2016) 

established that victimization can be explained by different social mechanisms within 

adolescents. Limited empirical studies tested the aforementioned questions using a 

social network perspective. The current research attempts to address what kinds of 
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social mechanisms are in place within the offender population. Contrary to the selection 

effect, offenders with a lot of ties may be protected against possible victimization as their 

positive connections (e.g. peer and co-offending ties) may insulate offenders from 

potential perpetrators.  

3.3.  Co-offending networks 

Reiss (1988) argued that understanding co-offending helps explore the etiology 

of crime and effective intervention strategies. Offending occurs amid social interactions, 

and successful criminal offending, oftentimes, relies on co-offending partnership (Reiss, 

1986). However, there has been a lack of understanding as to how these co-offending 

relationships are formed and how offenders’ positionality within the co-offending network 

can shape their behaviours. Previous studies examined the victim-offender overlap by 

looking at the degree and frequency of offending and assumed that these measures 

influence future victimization. Theoretical and methodological frameworks of SNA 

provide important information about the social context that places individuals at risk or 

protects against victimization.  

Understanding co-offending networks is important for understanding serious 

victimization as accomplices may function as criminal social capital that may insulate 

offenders from victimization. Juveniles with low network redundancy are likely to have 

increased offending versatility because they are able to access novel criminal 

opportunities that are not shared by common members of the social group (McGloin & 

Piquero, 2010). Such criminal opportunities may shape individuals’ risky lifestyles and 

may be associated with an increased risk of future victimization. Using 400 randomly-

selected subjects from official juvenile records of arrest in Philadelphia, McGloin and 

Piquero (2009) examined the relationship between collective behaviour and violent 

delinquency. Specifically, they found that violent offenders tended to have a higher 

number of accomplices and that adolescents’ first group-offending is more likely to be 

violent as the number of accomplices increase (McGloin & Piquero, 2009). Therefore, 

co-offending networks may be informative of serious victimization since higher degree 

centrality in a co-offending network indicates that these offenders are exposed to risky 

lifestyles vis-à-vis increased criminal social capital.  
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Although there is a lack of research that uses co-offending networks to examine 

how network embeddedness impacts the likelihood of victimization, there are several 

ways to think about how co-offending networks might relate to victimization. On the one 

hand, a greater number of co-offending ties might serve as a protective mechanism 

towards serious victimization as these ties may function as criminal social capital or 

criminal contacts that offenders can rely on later. However, a protective mechanism may 

be elusive within a large criminal network since it may expose individuals to become 

suitable targets in the absence of capable guardianship, letting individuals come into an 

increased contact with other violent offenders (McGloin & Piquero, 2009). Co-offending 

networks may change into conflict or peer networks, considering the fluidity of network 

boundaries in the offender population (e.g. Bouchard & Konarski, 2014; Papachristos et 

al., 2012; Papachristos et al., 2015). Network fluidity results in the changes of a network, 

considering that boundaries change between time periods (Bouchard, 2020). For 

instance, Papachristos et al. (2015) found that the network boundaries of gang 

membership are fluid, so both gangs and non-gang individuals may be co-involved in 

risky behaviours. Furthermore, McGloin et al. (2008) call for a better understanding of 

how co-offending networks may change over the life course and how delinquent peer 

networks may transform into co-offending networks. As a network approach is able to 

unpack network fluidity and complexity of network boundaries, understanding network 

dynamics may have important implications for serious victimization (Bouchard, 2020).  

3.4.  Conflict networks 

Few existing studies used SNA to uncover how individuals and group 

relationships influence offender victimization. Across these findings, network structures 

(e.g. co-offending, conflict) were associated with the probability of subsequent 

victimization, including gunshot injuries and gang murders (Papachristos, 2009). For 

example, Papachristos et al. (2013) found prior conflicts to be a strong correlate of gang 

violence using data on fatal and non-fatal shootings in Chicago and Boston. Both spatial 

proximity between turfs and prior conflictual ties between gangs are important in 

understanding observed patterns of violence in the gang context. Reciprocity emerged 

as an important mechanism in understanding gang violence since gangs likely respond 

with acts of violence when other rival gangs orchestrated violence in the first place 

(Papachristos et al., 2013). Moreover, individuals’ network structures and actor’s 
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positionality influenced the likelihood of gunshot victimization among 763 individuals in 

Boston (Papachristos et al., 2012). Within this high-risk population, Papachristos et al. 

(2012) underscored that the probability of gunshot victimization increases when a 

network distance to other gunshot victims decreases. This finding is in line with the 

social contagion model (e.g. diffusion of violence) since an individual’s risk of being shot 

increases if one is closer to other gunshot victims. Such indirect exposure to gunshot 

victimization is a salient predictor for subsequent gunshot victimization, net demographic 

profiles, offending history, and other network variables (Papachristos et al., 2012). Using 

a social contagion model, Papachristos (2009) found that “murders spread through an 

epidemic-like process” within gang members as they establish dominance relations vis-

à-vis gang homicides within their networks (p. 74). 

Extending this line of research, Papachristos et al. (2015b) examined the 

nonfatal gunshot injuries concentrated in risky social networks. In line with Papachristos 

et al. (2012), they found that individuals’ odds of victimization elevate with an increase in 

their exposure to other gunshot victims. Most importantly, they found that exposure to 

violence in one’s social network is associated with the likelihood of gunshot victimization. 

Specifically, being a gang member increased the probability of victimization, and the 

relationship becomes stronger when individuals are a part of larger networks 

(Papachristos et al., 2015a; Papachristos et al. 2015b). Exposure to criminal friends (i.e. 

direct interactions) and friends of criminal friends (i.e. indirect interactions) shape the risk 

of gunshot victimization (Papachristos et al., 2015a). Papachristos et al. (2015a) 

confirmed the spillover effect of violence among at-risk populations as they found that 

individuals are at increased risk of victimization if they are closer to gang members 

within their co-offending networks. Therefore, direct connections to gang members in co-

offending networks significantly increase the likelihood of gunshot victimization of a 

nongang member (Papachristos et al., 2015a).  

According to social contagion perspective, violence can be considered as a 

pathogen that can be transmitted across actors. This model views violent victimization 

as a by-product of exposure to risky individuals in the network. Exposure to high-risk 

individuals could partly characterize risky lifestyles. More so, individuals’ high 

embeddedness in the conflict network may be indicative of their risky routine activities. 

For this reason, SNA offers a nuanced approach in studying various populations 

because SNA can examine how conflict or co-offending ties can influence the likelihood 
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of victimization. Therefore, the use of SNA will improve upon traditional understandings 

of the victim-offender overlap. Specifically, risky lifestyles can be understood using 

delinquent peers through a network approach. Future research is needed to examine the 

social contagion perspective to unpack how involvement in conflicts, more broadly, can 

result in social contagion that leads to the diffusion of more serious experiences of 

victimization. As such, a social contagion model may be used towards understanding 

victimization experiences across the population of serious violent offenders in the current 

study. In specific, higher interconnectivity between victimized individuals (i.e. high 

degree centrality) may function as a risk factor towards subsequent victimization. Of 

particular importance is network characteristics among the offender population and how 

different interactions can shed light in understanding serious victimizations. 

3.5.  Changes in risky lifestyles and network characteristics 

Existing studies (Turanovic et al.,2018; Turanovic & Pratt, 2012) echoed that 

risky lifestyles are dynamic processes that are embedded in the broader social context. 

The changes individuals make to their risky routine behaviours may have implications for 

understanding victimization. For example, Turanovic et al. (2018) highlight that 

individuals’ risk of being victimized (or re-victimized) may decrease if they stop engaging 

in risky lifestyles, such as picking fights from bars, frequently going out alone in nights 

and spending more time with pro-criminal friends. Individuals’ daily routines are socially 

embedded, and therefore, changes they make to their routine activities will 

correspondingly alter the type of interactions they have. As well, changes to their daily 

lifestyles are also dependent on individuals’ “significant life circumstances,” which 

include getting a job, marriage, and giving birth to a child (Turanovic & Pratt, 2014, p. 

46). From a life-course perspective, individuals’ routine activities and risky lifestyles may 

be age-graded (Turanovic & Pratt, 2014; Turanovic & Young, 2016) and such dynamic 

processes may have implications for changes in individuals’ embeddedness in risky 

criminogenic networks.  

Several studies (e.g. Bouchard & Konarski, 2014; Papachristos et al., 2012; 

Papachristos et al., 2015) found that criminal networks are fluid. These criminal networks 

not only change over time, but they may also transform from one type of network to the 

other (McGloin et al., 2008). For example, within the offender population, co-offending 

networks may change its form into criminal peer networks or conflict networks and vice 
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versa. In addition, Papachristos et al. (2015) found that network boundaries of gangs are 

fluid and, thus, both gang members and non-gang members engage in risky behaviours 

together. Ultimately, they found a spillover effect of gang membership in gunshot 

victimization, lending support towards fluidity of network boundaries. Given the network 

fluidity and complexity of network boundaries among criminal groups (Bouchard, 2020), 

the current study seeks to explore whether victimized offenders’ networks change over 

time. Specifically, serious victimization may be a significant life circumstance (i.e. a 

negative turning point) among individuals, and they may make changes to their risky 

lifestyles afterwards. When they make changes to their risky lifestyles, their 

embeddedness in criminogenic environments may also change. If victims’ network 

characteristics do change over time, it could potentially address the question of whether 

the victim-offender overlap mimics the aggregate age-crime curve (Jennings et al., 2012; 

Piquero et al., 2003).  

3.6.  SNA as a tool to explore victimization 

Thus far, findings across peer, co-offending, and conflict networks suggest that it 

is imperative to consider the social context of offenders to understand victimization. 

Existing studies (e.g. Haynie & Osgood, 2005; Ramirez, Paik, Sanchagrin, & Heimer, 

2012; Schreck et al., 2004; Turanovic & Young, 2016) applied SNA to unravel 

relationships between various forms of offending and victimization. From a conceptual 

backdrop, there are two perspectives on delinquent peer association. The more 

conventional perspective is that being more deeply embedded in a delinquent peer 

group exposes an individual to an increased risk of victimization (e.g. Decker et al., 

2008; Peterson et al., 2004). On the other hand, studies of gang members reported that 

individuals’ motivation for joining gangs provides a certain level of protection vis-à-vis 

increased criminal social capital (e.g. Decker & Curry, 2000; Descormiers, 2013; Melde 

et al., 2009). A network approach can offer a way to examine both perspectives.  

The current study uses SNA as a tool to understand the complexity of the social 

mechanism behind victimization. SNA can capture a dynamic nature of risky lifestyles 

and the victim-offender overlap. SNA provides a way to understand contextual 

information on group processes and unpack the link between risky lifestyles and 

victimization. The victim-offender overlap can be effectively understood with a “dual 

focus on person-specific and context-specific” nature of the phenomena (Berg et al., 
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2012, p. 384). While previous studies focused on the person-specific aspect of the 

victim-offender overlap, the current study captures the context-specific nature by using 

SNA. In sum, offenders’ network characteristics in at-risk environments will likely matter 

in understanding serious victimization. SNA comes in as a tool to (a) measure risky 

lifestyles by examining individuals’ embeddedness within different social groups and (b) 

understand victimization by looking at the degree of embeddedness in different social 

groups. Advancement of SNA allowed criminologists to study co-offender selections, 

boundaries of criminal organizations, the structure of terrorist organizations, and peer-

effect studies (Bouchard & Malm, 2016). SNA provides a more nuanced understanding 

of the victim-offender relationship as network data can provide contextual information 

within social environments and unmask social mechanisms that are otherwise hidden 

(Bouchard & Malm, 2016; Turanovic & Young, 2016).   
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Chapter 4.  
 
Methodology  

4.1.  Study Design 

The current study used data from the Incarcerated Serious and Violent Young 

Offender Study (ISVYOS) in BC, Canada, which is an ongoing longitudinal study that 

started in 1998. At its inception, the study used a cross-sectional design where 

participants were interviewed at a particular time period about their past life-events and 

behaviours. Between 1998 and 2011, 1,721 incarcerated adolescent offenders were 

recruited for participation in an interview. The interview included information about risk 

factors such as foster care, family environment, and gang involvement. In 2012, the 

study adopted a longitudinal design to track criminogenic traits of youth into adulthood 

and examine offending outcomes at various stages of the life course. Within the 

longitudinal component of the study, researchers collected data using file-based 

information from BC Corrections Network (CORNET), which is a software program used 

by criminal justice professionals. 

4.2.  Sample and procedure 

The current study used a subsample of youth drawn from the second cohort to 

reflect a more contemporary sample (n =  99). The main criteria for inclusion in the 

current study were that participants either had ties to Surrey, British Columbia or were 

adjudicated for their criminal activities at the Surrey Provincial Court of British Columbia. 

The final sample included 91 males (91.9%), seven females (7.1%), and one individual 

(1.0%) who did not self-report their gender. Out of 99 individuals, 54.5% were White (n =  

54), 22.2% were of Indigenous descent (n =  22), and the remaining  23.3% were non-

Indigenous minority, including participants who did not self-identify their ethnicities. 

Various ethnic groups, including South East Asian, Hispanic, and Black were collapsed 

into the non-Indigenous minority group because the sample was too small to examine 

these categories separately.  
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As the current study was interested in comparing the network characteristics of 

individuals who experienced serious victimization (n = 35; 35.4%) to those who did not 

experience serious victimization (n = 64; 64.6%), these groups are compared in Table 1 

with respect to demographic characteristics, criminal history variables, and control 

variables. This study used data from the second cohort of incarcerated youth who were 

interviewed for the ISVYOS. The study obtained ethics approval by the Simon Fraser 

University Research Ethics Board and the Ministry of Child and Family Development 

(MCFD). To be included in this study, incarcerated youth needed to be (a) fluent in 

English with no language barrier, (b) have sufficient cognitive ability to understand the 

interview questions, and (c) willing to provide accurate information about their offending 

history. Around five percent of youth did not consent to participate. To ensure 

confidentiality, research assistants asked interview questions in a private room. 

Participants who consented were given information about the purpose of the study, how 

the information would be collected, and that all data would be kept confidential unless 

the participant indicated a possibility of self-harm or threatening someone else. Within 

the longitudinal component of the study, researchers collected data from CORNET, 

including official criminal history and custody placements/movements. Specifically, such 

data collection process lets researchers record important life events, including major 

victimization events, whether the participant is deceased or not, and gang involvement. 

The first cohort of youth was interviewed between 1998 and 2003, and the second 

cohort of youth was interviewed between 2005 and 2011.  

Table 1 outlines a description of the total sample (n = 99). Of the sample, 35.3% 

(n = 35) were seriously victimized. On average, participants were approximately 26.65 

years old as of January 1, 2019, which is the date network coding ended. The average 

age of victimization is 19.89 years old among victims (n = 35). Between ages 12 to 17, 

on average, youth have been convicted of 12.65 counts of offence (SD = 9.51; Range = 

0-42) and spent 350.66 days incarcerated (SD = 317.43; Range = 0-1569). Among these 

participants, 22.2% (n = 22) self-identified as Indigenous, 54.5% (n = 54) self-identified 

as White, and 23.3% (n = 23) self-identified as a non-Indigenous minority2.  

 

 

2 Non-Indigenous minority includes offenders who did not self-identify as White or Indigenous. This 
category includes South Asian, East Asian, and Black.  
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Table 1. Description of the Total Sample (n = 99) 
 

% (n) / M [SD] 

Victims 35.3 (35) 

Gender (male = 0) 91.9 (91) 

Age at network coding 26.65 [1.97] 

Ethnicity 
 

     Indigenous 22.2 (22) 

     Non-Indigenous minority 23.3 (23) 

     White 54.5 (54) 

Gang involvement  
 

     None 16.2 (16) 

     Minor 41.4 (41) 

     Heavy 32.3 (32) 

Family dysfunction 2.53 [1.71] 

School behavioural problems 10.62 [3.82] 

Homicide offence 15.2 (15) 

Firearm offence 42.4 (42) 

Deceased 14.1 (14) 

4.2.1. Social network data 

Social network data were collected on the 99 ISVYOS participants. Ties between 

egos, egos and alters, and alters and alters were collected from available CORNET 

data, which include community logs, prison logs, court documents, and alerts that are 

created by criminal justice professionals. Figure 1 provides a visual demonstration of 

each type of connection. Specifically, connections between (a) red actors indicate ties 

between ego, (b) red and blue actors indicate ties between ego and alter, and (c) blue 

actors indicate ties between alters. Ties between alters were only coded when they 

shared a tie with the ego in their relationship. Ethics stipulations prohibited the ISVYOS 

researchers from searching individuals that were not original participants of the study. 

Ties formed in prison were collected from reports prepared by custody staff, institutional 

incident reports, case management reports, inmate risk assessments, inmate complaint 

forms, and injury forms. Ties formed in the community were collected from probation 

officer reports, pre-sentencing reports, and risk assessments. CORNET includes a list of 

court-ordered no-contact orders (e.g. indicative of victim-offender relationships) and in-

prison contact concerns (e.g. indicative of conflict ties). Therefore, it was also recorded 

whether a particular interaction occurred in community or prison and whether the nature 

of tie was related to co-offending, conflict, social, and victimization.  
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Co-offending ties were coded when actors ended up receiving charges or official 

warnings by criminal justice professionals. Examples of co-offending ties include group 

assaults, tampering with prison cells, and possession of contrabands. Conflict ties are 

coded when there exists a mutual conflict between actors, but altercations did not result 

in victimizations. Examples of conflict ties include gang-related conflicts, verbal 

altercations, and peer issues. Social ties are coded when actors engage in friendship-

based or day-to-day interactions with one another, where interactions do not involve 

conflict nor co-offending. Social ties would include having a casual conversation 

between offenders, attending probation appointments together, and hanging out with 

each other. Victimization ties are coded when actors manipulated or assaulted others, 

meaning that the aggressors and direction of victimization are clearly indicated. 

Examples of victimization would include intimidation, verbal abuse, and physical 

assaults. Unknown ties were coded when the nature of connection between actors could 

not be established. From the date of each participant’s first entry to CORNET until 

January 2020, all network ties for each participant were recorded in the format of 

“edgelist 23” (Borgatti, Everett, & Johnson, 2018). The date, location, and contextual 

background of each interaction were recorded alongside the names of egos, alters, and 

nature of ties. Attribute information was collected as well as data on the interactions 

between actors. File-based information from CORNET and self-reported information 

were used to collect attribute information on egos and alters. The supplemental 

information is collected to provide a more in-depth context of individuals. For all egos 

and alters, data on gender was collected from CORNET. Gender was coded as 

“unknown” in cases where gender could not be identified, or participants did not self-

report their gender. Other examples of ego’s attribute information include experiences of 

serious victimization, measures of gang involvement, involvement in homicide offence, 

and involvement in firearm offence.  

All network data were anonymized to adhere to the ethical requirements of the 

ISVYOS. Anonymization process involved identifying whether an individual appeared in 

one ego-network is the same individual who appeared in another ego-network. Egos 

who appeared in multiple networks were identified as the same individuals if they had 

the same first and last names, or the same correctional service identification number. 

The date and nature of the interaction were used to verify an actor’s identity when only a 

single name was provided. By taking a conservative approach, individuals were coded 
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as separate actors when the actor’s identity could not be confirmed using the 

aforementioned coding scheme. Therefore, this data collection procedure may 

underestimate the number of mutual connections between egos while inflating the 

number of unique alters in ego-networks. In collecting network data, ties between family 

members and romantic partners were not considered unless the nature of such ties was 

explicitly related to co-offending, victimization, or conflict (e.g. domestic fight where 

police had to intervene).  

 

Figure 1. Visual demonstration of types of connections between egos and 
alters. 

Notes. Egos marked in red. Alters marked in blue.  

4.3. Measures  

Self-report and official data were used to identify risk factors for serious 

victimization, including gang involvement, family dysfunction, and school behavioural 

problems. Network measures, including degree and betweenness centrality, egonet size, 

density, and effective size, were used to capture individuals’ embeddedness in various 

types of networks. The current study explored the following types of networks: peer, 

conflict, co-offending, community, and prison. Offenders’ individual-level characteristics 

and social network data were used to unmask differences between victimized offenders 

and non-victimized offenders. Specifically, these measures were used to answer 
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whether network ties are associated with serious victimization. First, network measures 

were used to compare the differences between victimized offenders and non-victimized 

offenders. Second, network measures were used to predict serious victimization, net 

other individual-level risk factors. Lastly, to examine a reciprocal relationship between 

network characteristics and victimization, changes in the network (i.e. pre- vs. post-

victimization) are examined among a sample of offenders.  

4.3.1.  Dependent variable 

Serious victimization. CORNET data were used to identify participants who have 

been seriously victimized (n = 35; 35.4%). In the current study, serious victimization 

incidents included homicide, stabbings and shootings, and physical assaults that 

resulted in a serious injury requiring the individual to visit hospitals. It is necessary to 

distinguish between minor forms of victimization and serious victimization as initial 

coding revealed that almost all participants had experienced some form of victimization 

over the life course.  

4.3.2.  Control variables  

The current study included a number of control variables: demographic 

characteristics, and gang involvement. Existing research (e.g. Feigelman et al., 2000; 

Piquero et al., 2005; Pyrooz et al., 2013; Schreck et al., 2006; Taylor et al., 2008) used 

these variables as a correlate of serious victimization, and these variables characterize 

risky lifestyles that entail a high risk of victimization (Schreck et al., 2004). Therefore, 

these are important variables to control for at the multivariate level.  

Demographic characteristics. Existing theoretical frameworks (e.g. lifestyle 

theory) and empirical studies (e.g. Miethe & Meier, 1994; Mustaine & Tewksbury, 1998; 

Sampson & Lauritsen, 1990; Schreck, 1999; Schreck et al., 2008) showed that 

demographic characteristics influence the likelihood of criminal victimization and 

offending. Out of 99 youth, there are 91 males (91.9%), 7 females (7.1%) and 1 

individual who did not self-report their gender. The final subsample of youth includes 54 

participants that were White (54.2%), 22 individuals of Indigenous descent (22.2%), and 

23 individuals were of non-Indigenous minority (23.3%). On average, participants were 

approximately 26.65 years old as of January 1, 2019, which is the date network coding 
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ended. The average age of victimization is 19.89 years old among victims (n = 35). 

Between ages 12 to 17, on average, youth have been convicted of 12.65 counts of 

offence (SD = 9.51; Range = 0-42) and spent 350.66 days incarcerated (SD = 317.43; 

Range = 0-1569). 

Gang involvement. Existing research found that gang members are at increased 

risk of violent victimization compared to non-gang members, among other risk factor 

domains (e.g. individual, family, peer, school, and situational) (Taylor et al., 2008; Taylor 

et al., 2007). Gang members are more frequently involved in delinquent acts, including 

drug sales and gang fights, that increase the exposure to violence and likelihood of 

victimization (Taylor et al., 2008) and that gang members have a higher risk of violent 

victimization than their non-gang counterparts (Taylor et al., 2007). Additionally, 

researchers found that similar risk factors exist for gang membership, offending, and 

victimization (Taylor et al., 2007). Degree of gang involvement was measured according 

to participants’ answers to the following dichotomous indicators: (a) In general, do you 

fight because it is gang-related? (b) In custody, do you fight because it is gang-related? 

(c) What do you feel led you towards involvement in crime - protection through gang 

membership? (d) Have you ever taken part in teens’ gang fight? From participants’ 

answers to these questions, “no gang involvement” was defined by individuals that 

answered “no” to each of the four questions (n = 16; 16.2%), “moderate gang 

involvement” was defined by individuals that answered “yes” to either one or two of the 

questions (n = 41; 41.4%), and “serious gang involvement” was defined by individuals 

that answered “yes” to either three or four gang involvement questions (n = 32; 32.3%). 

The gang variable used in this study is able to capture individuals’ involvement in 

gang-related activities rather than asking if they are members of a particular gang. The 

categorical variable was chosen in this study because (a) it can be used to distinguish 

from gang members to non-gang members and (b) it is possible to examine whether the 

level of gang involvement can predict whether individuals will experience serious 

victimization. Embeddedness in gangs is an important indicator of different criminal 

career variables (e.g. joining gangs, persisting over time, desisting from gang 

membership) (Pyrooz et al., 2013). Building on the previous research (e.g. Jennings et 

al., 2010; Taylor et al., 2007), the current study takes a step forward by examining how 

the level of gang involvement may influence the likelihood of victimization. Gangs can be 
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categorized as a type of deviant social network since gang members are embedded in 

deviant routine activities, which shape risky lifestyles.  

4.3.3.  Social network measures 

Previous research found that certain criminogenic risk factors (e.g. delinquent 

peers, gender, neighbourhood disadvantages, offending history, gang involvement, low 

self-control) are associated with future victimization and repeat-victimization (e.g. 

Turanovic et al., 2016). However, little research has accounted for how an offenders’ 

embeddedness in a social network, high-risk social networks in particular (e.g., 

characterized by a large number of ties to others involved in criminal behaviour), 

influences serious victimization.  

Centrality measures include degree and betweenness centrality, which were 

used to measure an individual’s positionality and the level of influence within their 

respective network. Degree centrality reflects each actor’s total number of ties to 

surrounding actors, which indicates an actor’s visibility and prestige within their 

networks. The number of ties an individual has is useful evidence of centrality because it 

examines actors’ connectivity to surrounding actors and determines whether these 

individuals are situated close to the core or periphery of the network. In undirected 

networks, degree centrality measures individual’s number of immediate connections to 

the surrounding actors.3 Actors with high degree centrality may indicate increased 

delinquent peer associations and exposure to motivated offenders. Therefore, degree 

centrality can measure offenders’ risky lifestyles by examining their embeddedness in 

the broader criminogenic social context. It can capture deviant peer associations in a 

more nuanced way than simply asking individuals about their relationships with 

delinquent peers or looking at the number of delinquent friends (i.e. pro-criminal 

associates). Betweenness centrality measures instances where an actor can function as 

a broker between the surrounding actors who are otherwise unconnected (Freeman, 

1977). The level of brokerage an individual has is useful evidence of centrality because it 

offers insights as to which actors have a competitive edge in the criminal network, taking 

control of the flow of resources and information. Betweenness centrality is an important 

 

3 Only undirected networks are used in the current study. In directed networks, in-degree centrality 
represents the number of incoming ties and out-degree centrality represents the number of 
outgoing ties.  



32 

network measure to predict the likelihood of serious victimization, as it can test whether 

individuals with higher brokerage power are more likely to be protected due to their 

available resources or are more likely to be seriously victimized since they may fall 

within the surrounding actors.  

In addition to node-level network measures, ego network analyses were 

conducted to capture the size and density of each actor’s ego network. Egonet size 

represents the number of alters in the network plus the ego. Therefore, it is a direct 

measure of each ego’s network size and represents the number of nodes ego connects 

to. Therefore, egonet size is a better measure to directly compare the size of networks4. 

When using centrality measures that are both normalized and age-adjusted, these 

measures converge to 0, and thus, the difference between the two groups cannot be 

detected. For this reason, egonet size is used to supplement for degree centrality in 

offenders’ lifetime networks and comparison between pre- and post-victimization 

networks because normalized centrality measures are used (i.e. all components are 

examined, as opposed to the main component). Degree centrality differs from egonet 

size in two ways: (a) it looks at the total number of ties to surrounding actors relative to 

the entire network, not just within the ego network and (b) it can be normalized to 

compare between different networks. 

Effective size and density were used to understand the level of cohesiveness 

within the ego networks of victims and non-victims. Effective size measures an ego’s 

non-redundant ties, and it is included as a measure of structural holes in the current 

study. Effective size was calculated to examine differences between ego’s connections 

to alters and the average number of connections between alters within the ego network. 

High effective size indicates a higher number of structural holes, meaning that (a) 

network is less cohesive and (b) ego has increased control over the flow of information 

and resources (Burt, 1992; Malm et al., 2017). Effective size is different from degree 

centrality as it accounts for the number of non-redundant ties in an ego network and 

therefore, provides unique information about the cohesiveness of each ego network. 

Density represents interconnectivity between actors in an ego network, and it is 

calculated by dividing the number of existing ties by the total number of possible ties in 

 

4 Therefore, egonet size is used to compare the lifetime network and pre- and post-victimization 
networks (victims-only) as it is a direct measure of the number of nodes ego connects to.  
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each ego network. Egonet density5 looks at the percentage of all possible ties that are 

present in each ego network (Hanneman & Riddle, 2005). When using density, a social 

contagion model can be used to explain the transmission of violence (e.g. victimization) 

across offenders. In a highly cohesive network (i.e. high density), actors are connected 

to one another, allowing for increased deviant peer associations between offenders. 

Therefore, in a dense network, (a) information and resources will flow better, (b) 

opinions, behaviours, and attitudes are highly influenced by surrounding actors, and (b) 

violence and victimization may be diffused faster (Burt, 1987; Papachristos et al., 

2015b). In the context of current study, density is an important measure to examine how 

serious victimization will get transmitted within the serious and violent offender 

population. As this group of offenders comprise a small percentage of all offenders in 

BC, they are more likely to know one another as they may have spent time together (i.e. 

had social, conflict, or co-offending interactions) in the community or same institution at 

some point in time. Thus, measures of the level of cohesiveness will offer insights in 

deconstructing mechanisms behind the social contagion model. 

Network data were coded for individuals both before and after they experienced 

serious victimization. This procedure was meant to understand the temporal order 

between victimization and network embeddedness and was necessary to distinguish 

whether a given tie was formed before or after the experience of victimization. As the 

current thesis was not a study of repeat victimization, the first victimization experience 

was used to divide network ties for individuals who experienced multiple counts of 

serious victimization. Thus, ties were coded as either before or after the experience of 

first count of serious victimization. Although this is an exploratory study and does not aim 

to make causal claims, it is still necessary to establish temporal order between offending 

and victimization (Schreck et al., 2006). Limited studies examined the causal sequence 

between victimization and offending during different developmental phases (Jennings et 

al., 2010) and scholars have called for the use of longitudinal data in victimization 

research to unpack the relationship between the two (Cops & Pleysier, 2014; Hensen et 

al., 2010; Schreck, 2006). Therefore, it was important to adjust for age in the current 

study, as all participants included in this study were followed up from the age of 12 until 

January 2019. Given the differences in the age of network coding for victims and non-

 

5 For interpretation purposes, density is calculated using binary networks. This is done so by saving 
binary network data from Netdraw and running egonet analyses with the binary data in UCINET.  
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victims, all network measures, including degree centrality, betweenness centrality, 

egonet size, and effective size, have been divided by the number of follow-up years 

available. Doing so provided age-adjusted network measures that reflect the average 

number of connections formed per year of follow-up data.  

4.4.  Analytic strategy 

As a first step, bivariate analyses were conducted to examine three questions: 

(1) is there a relationship between serious victimization and network characteristics, 

regardless of temporal order, (2) are network characteristics prospectively associated 

with serious victimization, and (3) among offenders who experienced serious 

victimization, do characteristics of their network embeddedness look different pre- 

versus post-victimization? Across the three questions, sociograms were produced using 

NetDraw 2.168 for visual interpretations of networks (Borgatti, 2002). The first two 

questions were addressed at the bivariate level by using independent samples t-tests to 

compare centrality, cohesion, ego network size, and effective size between those with 

and without a history of serious victimization (i.e. victims vs. non-victims). To address the 

first question, full components of the lifetime network are compared between victims and 

non-victims to examine the differences in network characteristics. To address the 

second question, only the main components of the pre-victimization network are used as 

doing so allows for a comparison of raw network values, instead of normalized values. 

This was because (a) age-adjusted normalized centrality measures approximate to 0, 

making it difficult to compare the difference between groups, and (b) degree and 

betweenness centrality obtained from the main component can be compared without 

bias. The third question was addressed by conducting the same analyses but using a 

series of paired-sample t-test to examine whether the abovementioned network 

characteristics changed between pre- and post-victimization. Considering the fluidity of 

network boundaries, changes in victims’ network characteristics may provide additional 

insights, as it can examine the reciprocal relationship between victimization and network 

ties. However, these analyses were only informative of changes for those offenders who 

had experienced victimization. Therefore, results would not be able to indicate whether 

any changes (or the lack of changes) were something unique to offenders who had 

experienced victimization, or something that was part of the more natural changes in 

networks with aging. To indirectly address this question, paired-samples t-tests were 
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conducted in SPSS as a supplementary analysis among non-victims. Paired-samples t-

tests were conducted across non-victimized offenders to examine whether their network 

characteristics change from pre-19 to post-19. The average age of serious victimization 

in victims was 19.89, and thus, age 19 was selected as the cut point for non-victimized 

individuals since they do not have a natural cut point. Specifically, this supplemental 

analysis can answer whether changes in network characteristics are due to the 

aggregate age-crime curve.  

As a second step, multivariate logistic regression analyses were conducted to 

examine if pre-victimization network characteristics were prospectively associated with 

serious victimization. All regression models include theoretically relevant control 

variables and network measures that can characterize risky lifestyles. Logistic 

regression can unpack the relationship between offending and victimization by holding 

other variables and constant, which allows for the examination of the unique effect of 

each independent variable. A total of six networks (e.g. whole, peer, conflict, co-

offending, community and prison) are examined separately. There are a total of five 

models in each regression. Each model includes control variables and a network 

measure, including degree centrality, betweenness centrality, density, and effective size, 

respectively. Each network measure is included in separate models to avoid issues with 

multicollinearity between independent variables.  

For all statistical analyses, unless otherwise noted, the network measures were 

age-adjusted. Age-adjusted measures mean that, for example, if an individual’s network 

was coded over 10 years and they had made 100 unique ties over this period, their age-

adjusted indicator of network size would be ‘10’ (i.e., number of unique ties divided by 

the number of years of follow-up data). This was necessary because (a) not all 

individuals were followed up for the same length of time and (b) in the prospective 

analyses, victims’ network coding ended at the date prior to victimization, whereas non-

victims’ did not have a natural cut-point (i.e. this group was followed up for the entirety of 

study period). 
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Chapter 5.  
 
Results  

5.1.  Comparison of victims and non-victims 

Independent samples t-tests were conducted in UCINET to examine differences 

between the victimized offenders and non-victimized offenders. Findings from the 

bivariate analyses are displayed in Table 2. Gender and ethnicity compositions did not 

differ across victimized and non-victimized offenders. Victimized offenders and non-

victimized offenders did not differ across risk factors, including gang involvement, family 

dysfunction scale, and school behavioural problems. Similarly, offending history, 

including the number of convictions, days incarcerated, and types of offences, were not 

significantly different across the two groups.  

Table 2. Demographics, Risk Factors, and Criminal History Comparisons 
Between Victims and Non-Victims (n = 99). 

 
Victims (n = 34) Non-victims (n = 65) t/x2; p  
% (n) / M (SD) % (n) / M (SD) 

 

Demographic Characteristics 
   

Ethnicity 
  

x2 = 2.91; p = 0.233 

     White  50.0 (16) 64.4 (38) 
 

     Indigenous  25.0 (8) 23.7 (14) 
 

     Non-Indigenous Minority  25.0 (8) 11.9 (7) 
 

Male 91.4 (32) 93.7 (59) x2 = 0.17; p = 0.682 

Age at Victimization 19.89 (2.97) - - 

Age at Network Coding  26.89 (2.14) 26.52 (1.87) t = -0.90; p = 0.373 

Risk Factors 
   

Gang Involvement 
  

x2 = 1.15; p = 0.563 

     None  13.3 (4) 20.3 (12) 
 

     Minor 53.3 (16) 42.4 (25) 
 

     Heavy 33.3 (10) 22.0 (37.3) 
 

Family Dysfunction 2.52 (1.70) 2.53 (1.73) t = 0.04; p = 0.965 

School Behavioural Problems 9.55 (3.42) 11.19 (3.92) t = 1.99; p = 0.050 

Offending History 
   

Number of Convictions (Ages 12-17) 13.60 (9.09) 12.13 (9.77) t = 0.651; p = 0.464 

Days Incarcerated (Ages 12-17) 352.97 (325.49) 349.39 (315.54) t = -0.05; p = 0.958 

Homicide Offence 17.1 (6) 14.1 (9) x2 = 0.17; p = 0.683 

Firearm Offence 42.9 (15) 42.2 (27) x2 = 0.004; p = 0.949 

Deceased 22.9 (8) 10.9 (7) x2 = 2.50; p = 0.114 
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5.1.1.  Lifetime network  

The full component of the lifetime network is used to examine egos’ network 

characteristics. There are 99 egos in the lifetime network, which consists of social, 

conflict, co-offending, community, and prison ties. As shown in Figure 2, the full network 

includes 4,334 ties with 21.32% (n = 924 ties) of which occurred in community and 

79.51% (n = 3,446 ties) of which included in the prison. Additionally, the full network 

consists of 5.17% of co-offending ties (n = 667), 26.5% of conflict ties (n = 914), and 

86.44% of social ties (n =  86.44%). The density of the lifetime network that includes all 

ties approximates to 0.00, degree centralization is 0.08, and the average degree is 1.41. 

Offenders’ lifetime network structure resembles a loosely-knit and decentralized network. 

On average, offenders connect to 1.41 nodes within the entire network. The density of 

binary network examines the proportion of ties that are present to all possible ties 

(Hanneman & Riddle,2005). In the lifetime network, density may approximate to 0 in the 

as the current study focuses on 99 ego networks, as opposed to including connections 

between alters. As such, density may come close to 0, as ties between alters are 

excluded from the network. 6 More specifically, ties between alters were not coded in the 

data collection process unless they had a shared tie that occurred with an ego at the 

same time.  

 

 

6 The true value of density cannot be 0. Rounding to the nearest tenth decimal place indicates this 
value.  
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Figure 2. Lifetime network of all ties (peer, conflict, co-offending) formed in community and prison.  
Notes. Males marked in circles; females marked in down triangles. Victims marked in red; non-victims marked in blue; alters marked in light blue. 
Conflict ties in red; social ties in gray; co-offending ties in green. Ties formed in community marked in dotted lines; ties formed in prison marked in 
solid lines. Level of gang involvement indicated according to the rim size.
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Next, bivariate analyses were conducted between victimized offenders and non-

victimized offenders with respect to network characteristics.  

Whole network. The first step involved comparing victimized and non-victimized 

offenders in terms of network characteristics defined by all ties; i.e., when the network 

consists of a combination of social, conflict, and co-offending ties. Normalized network 

measures are examined across all components of peer, conflict, co-offending, 

community, and prison networks. From the date network coding started, all social, peer, 

co-offending, community and prison ties are included in the lifetime analysis. Findings 

from the lifetime network are displayed in Table 3. Within the total network that includes 

all ties, victims (M = 0.001; SD = 0.001) have higher degree centrality compared to non-

victims (M = 0.001; SD = 0.001). Due to age-adjusted normalized centrality values, 

centrality measures in both groups converge to 0, Therefore, egonet size is compared to 

complement for degree centrality. Victimized offenders (M = 3.62; SD = 2.82) have a 

larger egonet size than non-victimized offenders (M = 2.61; SD = 2.04). Taken together, 

these findings demonstrate that victims are more embedded in criminogenic 

environments, indicating that they connect to a higher number of criminal peers within 

the network. No significant differences were found with respect to betweenness 

centrality and density. Victimized offenders (M = 3.58; SD = 2.80) have higher effective 

size than non-victimized offenders (M = 2.57; SD = 2.04). This finding indicates that the 

ego networks of victimized offenders are less cohesive in victims as opposed to non-

victims. Therefore, victimized offenders have a better control over the flow of 

communication and resources than non-victimized offenders.  

Whereas the above comparisons examined the full network, the comparisons 

that followed pertained to differences between victimized and non-victimized persons 

with respect to social, conflict, or co-offending tie-types. When looking at social ties, 

conflict ties only and co-offending ties only, no significant differences were observed 

between the two groups.  
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Table 3. Lifetime Network Comparisons Across Victims and Non-Victims (All 
Components) (n = 99). 

 
Victims (n =  35) Non-victims (n =  64) 

 

 
M (SD) M (SD) t; p 

Whole Network 
   

Degree Centrality† 0.001 (0.001) 0.001 (0.001) t = -2.01; p = 0.425 

Betweenness Centrality† 0.002 (0.002) 0.001 (0.002) t = -1.71; p = 0.052 

Density 0.82 (1.37) 2.36 (6.62) t = 1.76; p = 0.185 

Egonet Size† 3.62 (2.82) 2.61 (2.04) t = -1.83; p = 0.429 

Effective Size† 3.58 (2.80) 2.57 (2.04) t = -1.85; p = 0.047 

Peer Network 
   

Degree Centrality† 0.001 (0.001) 0.001 (0.001) t = -1.68; p = 0.091 

Betweenness Centrality† 0.002 (0.003) 0.002 (0.002) t = -1.46; p = 0.100 

Density 0.81 (2.03) 1.79 (5.37) t = 1.01; p = 0.362 

Egonet Size† 2.50 (2.22) 1.83 (1.64) t = -1.68; p = 0.095 

Effective Size† 2.48 (2.21) 1.81 (1.63) t = -1.67; p = 0.104 

Conflict Network 
   

Degree Centrality† 0.001 (0.001) 0.001 (0.001) t = -1.46; p = 0.101 

Betweenness Centrality† 0.002 (0.004) 0.002 (0.002) t = -1.03; p = 0.249 

Density 0.49 (1.08) 0.90 (1.63) t = 1.34; p = 0.224 

Egonet Size† 0.88 (0.90) 0.63 (0.52) t = -1.46; p = 0.101 

Effective Size† 0.87 (0.89) 0.62 (0.51) t = -1.47; p = 0.097 

Co-offending Network 
   

Degree Centrality† 0.001 (0.001) 0.001 (0.001) t = 0.03 ; p = 0.979 

Betweenness Centrality† 0.002 (0.002) 0.002 (0.003) t = 0.11; p = 0.915 

Density 2.96 (5.73) 6.28 (12.31) t = 1.65; p = 0.166 

Egonet Size† 0.51 (0.39) 0.51 (0.41) t = 0.03; p = 0.976 

Effective Size† 0.49 (0.38) 0.47 (0.39) t = -0.19; p = 0.842 

Community Network  
   

Degree Centrality† 0.001 (0.001) 0.001 (0.001) t = -1.06; p = 0.299 

Betweenness Centrality† 0.001 (0.002) 0.001 (0.001) t = -0.52; p = 0.609 

Density 1.19 (2.62) 2.97 (6.98) t = 1.74; p = 0.159 

Egonet Size† 0.72 (0.47) 0.61 (0.45) t = -1.06; p = 0.290 

Effective Size† 0.70 (0.45) 0.58 (0.43) t = -1.23; p = 0.222 

Prison Network  
   

Degree Centrality† 0.001 (0.001) 0.001 (0.001) t = -1.50; p = 0.104 

Betweenness Centrality† 0.002 (0.002) 0.002 (0.002) t = -1.33; p = 0.150 

Density 1.19 (2.89) 1.85 (6.79) t = 0.53; p = 0.779 

Egonet Size† 3.03 (2.78) 2.21 (1.95) t = -1.50; p = 0.103 

Effective Size† 2.99 (2.75) 2.18 (1.93) t = -1.49; p = 0.113 

Note. *indicates age-adjusted measures.  †indicates normalized scored. All components used for to understand 
differences in network characteristics between the two groups. To complement for normalized degree centrality, egonet 
size is included to indicate the direction of differences.   
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5.1.2.  Pre-victimization network 

First, the sociogram of the pre-victimization network is visualized using the 

NetDraw software. The main component of the pre-victimization network is examined to 

capture all ties (e.g. co-offending, social, conflict) that have been formed before serious 

victimization occurred. In the pre-victimization network, raw network measures are 

compared across the main components of conflict, peer, co-offending, community, and 

prison networks. Thus, only the main component is analyzed in the pre-victimization 

network because (a) the directionality of difference is minuscule to observe when using 

age-adjusted normalized values and (b) raw centrality measures can be compared within 

the same group without bias. The pre-victimization network includes a total of 94 egos. 

As shown in Figure 3, the full network includes 3055 ties, including 26.12% (n =  798) of 

which occurred in the community and 74.83% (n =  2286) of which were formed in 

prison. In addition, the full network consists of 18.66% of co-offending ties (n =  570), 

21.13% of conflict ties (n =  645), and 97.86% of social ties (n =  2011). The density of 

the pre-victimization network that includes all ties is 0.001, centralization is 0.05, and the 

average degree is 1.31. Similar to the lifetime network, the pre-victimization network is 

decentralized, and offenders are loosely connected to each other. Since ties that are 

formed after victimization are excluded from the network, the average nodal degree is 

decreased when compared to the lifetime network (1.31 vs. 1.41). The total pre-

victimization network is less central than the lifetime network (0.05 vs. 0.08). Since these 

networks are aggregate ties of all interactions (e.g. social, conflict, and co-offending) in 

community and prison settings, networks may spread out (i.e. making the network less 

central).  
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Figure 3. Pre-victimization network of all ties (peer, conflict, co-offending) formed in community and prison.  
Notes. Males marked in circles; females marked in down triangles. Victims marked in red; non-victims marked in blue; alters marked in light-blue. 
Conflict ties in red; social ties in gray; co-offending ties in green. Ties formed in community marked in dotted lines; ties formed in prison marked in 
solid lines. Level of gang involvement indicated according to the rim size.
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A series of independent samples t-tests compared victims and non-victims using 

age-adjusted network measures. Network measures are age-adjusted to facilitate 

comparisons between victims and non-victims given differences in the data follow-up 

period. In the pre-victimization analysis, network data for victims are examined from age 

12 to the date serious victimization occurred, and non-victims are examined from age 12 

to each participant’s age in January 2019 (i.e. the entirety of the study period). 

Therefore, the elapsed time was controlled to minimize bias in comparing networks that 

were formed before serious victimization across the two groups. Except for density, 

network measures have been age-adjusted by dividing each measure by the number of 

years of follow-up data. Such age-adjusted measure represents the average number of 

interactions that are formed per year. Network measures are compared across the 

victimized offenders and non-victimized offenders in Table 4.  

Whole network. No significant differences across network measures were 

identified in the pre-victimization network that includes all tie-types (e.g. social, conflict, 

co-offending, community, and prison ties). The proportion of ties between conflict, social, 

co-offending, community and prison are included in the bivariate comparison to examine 

the relative importance of each tie in understanding the differences between victimized 

and non-victimized offenders. With respect to the proportion of ties, no significant 

differences were observed between the two groups.  

Peer network.  No significant differences were found between victims and non-

victims with respect to peer network characteristics.  

Conflict network. Victimized offenders (M = 2.43; SD = 5.63) have higher network 

density compared to non-victimized offenders (M = 0.72; SD = 1.33). In other words, 

victimized offenders have a higher conflict interconnectivity than non-victimized 

offenders in their respective ego network. Higher embeddedness in conflict networks 

may increase offenders’ exposure to conflictual situations that may escalate to future 

victimization. This finding suggests that victims are more connected to each other 

compared to non-victims. Higher density in conflict networks suggests that behaviours 

and attitudes are influenced by surrounding actors, and conflicts may be transmitted to 

each other. Therefore, victims, as opposed to non-victims, are more frequently exposed 

to conflictual circumstances.  
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Co-offending network. Victimized offenders (M = 1.18; SD = 0.65) have higher 

degree centrality than non-victimized offenders (M = 0.70; SD = 0.44). Put differently, 

victimized offenders have more co-offending connections than non-victimized offenders. 

This suggests that higher co-offending ties between offenders may not function as a 

protective mechanism towards serious victimization. It may indicate that offenders are 

more entrenched in risky and criminogenic lifestyles by associating more with motivated 

offenders in the circumstances absent of guardianship, thereby leading each offender to 

vulnerable targets. 

Community network. On average, victimized offenders (M = 1.48; SD = 0.87) 

have more community connections (i.e. higher degree centrality) than non-victimized 

offenders (M = 0.728; SD = 0.494). Additionally, a higher number of victimized offenders 

(M = 838.18; SD = 626.19) than non-victimized offenders (M = 361.99; SD = 345.24) 

function as brokers between actors who are unconnected. This is important in the 

context of current study as it can answer whether higher brokerage functions as a risk or 

protective factor for serious victimization. Given that victimized offenders have higher 

betweenness centrality than non-victimized offenders, their ability to function as brokers 

may put themselves at risk of being victimized due to their positionality in the community 

network. While their abilities to connect previously unconnected actors may give them a 

competitive edge in criminal social capital, their positionality in the network may put them 

at risk of serious victimization because they may not connect to key actors (i.e. trusted 

criminal associates). 

Prison network. On average, victimized offenders (M = 5.79; SD = 10.42) have 

higher prison network density compared to non-victimized offenders (M = 1.67; SD = 

6.84). It indicates that victims are friends with other offenders more often than non-

victims within the prison setting. Therefore, victims have a higher frequency of deviant 

associations between offenders in the prison setting. Victims are embedded in a more 

dense prison network, compared to non-victims, which may suggest that they have 

riskier lifestyles compared to non-victims.  
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Table 4. Network Comparisons Across Victims and Non-Victims in the Main 
Component of Pre-victimization Network (n = 94). 

 
Victims  
(n =  31) 

Non-victims 
(n =  63) 

 

 
M (SD) M (SD) t; p 

Whole Network 
   

Degree Centrality* 2.40 (1.93) 2.60 (2.03) t = 0.45; p = 0.653 
Betweenness Centrality* 6346.98 

(5634.06) 
6177.93 

(5599.29) 
t = -0.14; p = 0.895 

Density 2.11 (3.71) 2.22 (6.63) t = 0.61; p = 0.940 
Effective Size* 2.31 (1.88) 2.56 (2.04) t = 0.56; p = 0.573 
Proportion of Ties* 

   

     Conflict to Whole 0.22 (0.24) 0.19 (0.20) t = -0.558; p = 0.578 
     Co-offending to Whole 0.16 (0.23) 0.13 (0.21) t = 0.678; p = 0.498 
     Conflict to Whole  0.51 (0.30) 0.54 (0.28) t = 0.417; p = 0.672 
     Community to Whole 0.19 (0.28) 0.23 (0.30) t = 0.520; p = 0.609 
     Prison to Whole 0.63 (0.31) 0.50 (0.29) t = 1.915; p = 0.062 

Peer Network 
   

Degree Centrality* 1.58 (1.20) 1.98 (1.64) t = 1.09; p = 0.282 
Betweenness Centrality* 3313.22 

(3397.87) 
3567.85 

(3415.52) 
t = 0.31; p = 0.758 

Density 1.48 (2.86) 1.88 (5.66) t = 0.33; p = 0.762 
Effective Size* 1.54 (1.18) 1.97 (1.64) t = 1.16; p = 0.254 

Conflict Network 
   

Degree Centrality* 0.87 (0.97) 0.69 (0.52) t = -0.77; p = 0.344 
Betweenness Centrality* 633.32 (1012.50) 422.14 (440.29) t = -0.90; p = 0.260 
Density 2.43 (5.63) 0.72 (1.33) t = -1.27; p = 0.040 
Effective Size* 0.84 (0.94) 0.69 (0.52) t = -0.70; p = 0.410 

Co-offending Network 
   

Degree Centrality* 1.18 (0.65) 0.70 (0.44) t = -2.80; p = 0.007 
Betweenness Centrality* 534.51 (607.75) 316.86 (354.91) t = -1.46; p = 0.146 
Density 6.10 (10.05) 8.72 (14.46) t = 0.57; p = 0.578 
Effective Size* 1.51 (0.63) 0.64 (0.44) t = -2.49; p = 0.015 
Community Network  

   

Degree Centrality* 1.48 (0.87) 0.73 (0.49) t = -2.70; p < 0.001 
Betweenness Centrality* 838.18 (626.19) 361.99 (345.24) t = -2.41; p = 0.003 
Density 4.18 (5.75) 4.25 (8.62) t = 0.03; p = 0.980 
Effective Size* 0.94 (0.08) 0.94 (0.11) t = 0.13; p = 0.903 

Prison Network  
   

Degree Centrality* 1.62 (1.77) 2.19 (1.93) t = 1.30; p = 0.196 

Betweenness Centrality* 3006.10 
(3430.25) 

3569.44 
(3467.99) 

t = 0.70; p = 0.499 

Density 5.79 (10.42) 1.67 (6.84) t = -1.77; p = 0.031 
Effective Size* 1.55 (1.74) 2.17 (1.92) t = 1.43; p = 0.159 

Note. Raw scores from the main component used for degree and betweenness centrality measures. *indicates age-
adjusted measures. Network measures capture the main component in the current network. Egonet size is not included 
in the bivariate comparison due to redundancy.  
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5.2. Network comparison of pre- and post- victimization 

 First, sociograms of pre- and post-victimization among victimized offenders are 

produced using NetDraw. All components of both networks are examined to capture all 

ties (co-offending, social, conflict) that are formed in both community and prison. There 

are 35 egos in both networks as the current step analyzes the networks of victimized 

offenders. Pre-victimization and post-victimization networks are visualized in Figures 4 

and 5, respectively. In Figure 4, the full pre-victimization network consists of 695 ties, 

including 35.54% (n = 247 ties) of which were formed in community and 65.18% (n = 

453 ties) of which occurred in prison. As well, the full network consists of 23.74% of co-

offending ties (n = 165 ties), 23.60% of conflict ties (n = 164 ties), and 58.85% of social 

ties (n =  409 ties). In Figure 5, the full post-victimization network consists of 1297 ties, 

including 10.10% (n = 131 ties) of which were formed in community and 13% (n = 1169 

ties) of which occurred in prison. Additionally, the full network consists of 7.63% of co-

offending ties (n = 99), 21.13% of conflict ties (n = 274), 75.17% of social ties (n = 975).  

When examining the total network, the overall density of the pre-victimization 

network is 0.002, the average nodal degree is 1.07, and centralization is 0.01. In post-

victimization, the overall network has a density of 0.001, the average nodal degree of 

1.16, and a centralization measure of 0.17. Post victimization, networks become less 

dense, indicating that individuals are not as interconnected to each other than pre-

victimization. Centralization increases from 0.01 to 0.17, indicating that more “structural 

centres7” exist in post-victimization networks (Hanneman & Riddle, 2005). Density 

increased from 0.001 to 0.002, although these numbers are minimal. Offenders’ total 

networks (i.e. including aggregate ties) are not very much cohesive as there are no 

particular focal points (i.e. key actors) in the network. Overall, victimized offenders’ 

networks are far from being compact.  

 

 

 

7 Structural centres refer to the point (or a set of points) where a centralized graph is built around.  
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Figure 4. Sociogram of victims’ ties (peer, conflict, co-offending) formed in community and prison pre-victimization.  
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Figure 5. Sociogram of victims’ ties (peer, conflict, co-offending) formed in community and prison post-victimization.  
Notes. Males marked in circles; females marked in down triangles. Victims marked in red; non-victims marked in blue; alters marked in light blue. 
Conflict ties in red; social ties in gray; co-offending ties in green. Ties formed in community marked in dotted lines; ties formed in prison marked in 
solid lines. Level of gang involvement indicated according to the rim size. Egos include victims only. 
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For victimized offenders (n = 35), a series of paired-samples t-tests were 

conducted to examine how their networks have changed from pre-victimization to post-

victimization. Normalized network measures were used to compare all components of 

conflict, social, co-offending, community, and prison networks across two phases (i.e. 

pre- and post-victimization). Network measures are age-adjusted except for density8. 

Given differences in the age of serious victimization, each network measure was divided 

by the number of years of follow-up data. Specifically, the pre-victimization network 

includes all interactions that occurred between age 12 until the day offenders got 

seriously victimized, and the post-victimization network includes all ties formed between 

the date of serious victimization until January 2019. Results of bivariate comparisons 

between pre- and post-victimization networks are shown in Table 5.  

Whole network. Looking at the total network that includes all co-offending, 

conflict, and social ties, victimized offenders have a higher number of connections after 

victimization (M = 0.01; SD = 0.01) than before they have been seriously victimized (M = 

0.01; SD = 0.01). After the experience of serious victimization (M = 5.15; SD = 5.48), ego 

network size of victimized offenders significantly increased (p < 0.001; M = 1.94; SD = 

1.87). Among victimized offenders, the number of their interactions increase after they 

are seriously victimized. Victimized offenders have a higher effective size post-

victimization (M = 5.12; SD = 5.46) compared to pre-victimization (M = 1.91; SD = 1.86), 

indicating that their post-victimization networks are less cohesive than pre-victimization 

networks. It could be conjectured that victims increase their network size and reserve 

those contacts for future retaliation. They may engage in criminal networking so that they 

can utilize the criminal social capital to serve a purpose (e.g. retaliation or collaboration) 

in the future. Correspondingly, the cohesiveness of victims’ networks is lower, with more 

non-redundant ties.  

Peer network. Peer networks of victimized offenders increase in size after they 

experience serious victimization. Degree centrality post-victimization (M = 0.004; SD = 

0.005) is significantly higher than pre-victimization (M = 0.003; SD = 0.003). Victimized 

offenders’ ego network sizes increase from pre-victimization (M = 1.13; SD =1.12) to 

 

8 Density represents interconnectivity between actors. Overall density is obtained by dividing the 
number of existing ties by the total number of possible ties in the entire network. Egonet density 
looks at the percentage of all possible ties that are present in the ego network. There is no need to 
adjust for age since density measures the percentage of all possible ties.  
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post-victimization (M = 3.84; SD = 4.64). After serious victimization, victimized offenders’ 

social ties increase in size and number. Victims may try to accumulate more social ties 

with other offenders as a way to secure their criminal social capital against future 

victimization. Betweenness centrality of victimized offenders increased from pre-

victimization (M = 0.004; SD = 0.007) to post-victimization (M = 0.009; SD = 0.011). 

Once offenders experience serious victimization, their roles as bridges between 

previously unconnected actors become more important compared to the pre-

victimization. Once offenders know who the victims are, the victimized offenders may 

strategically position themselves in a network to gain a competitive edge in the network, 

meaning that they may use brokerage as a resource for future threats. With a higher 

level of brokerage power, victims are better able to control the flow of information and 

resources. Finally, victimized offenders show higher effective size post-victimization (M = 

3.83; SD = 4.63) than pre-victimization (M = 1.11; SD = 1.12), indicating that post-

victimization networks are less cohesive than pre-victimization among peer networks.  

 Conflict network. Conflict networks of victimized offenders increase once they 

experience serious victimization. Specifically, the degree centrality in pre-victimization 

(M = 0.003; SD = 0.005) is lower than post-victimization (M = 0.004; SD = 0.005). In 

addition, egonet size in pre-victimization (M = 0.48; SD = 1.09) is smaller than post-

victimization (M = 1.09; SD = 1.35). While victimized offenders’ conflict ties increase 

once after they experience victimization, their effective size increases from pre-

victimization (M = 0.48; SD = 0.79) to post-victimization (M = 1.09; SD = 1.34), meaning 

that their networks become less cohesive. Within the victimized offender population, the 

number of conflict connections increase after serious victimization had occurred.  

Co-offending network. Victims did not show changes in their co-offending 

network characteristics after serious victimization.  

Community network. Victims did not show changes in their community network 

characteristics after serious victimization.  

Prison network. Victimized offenders have higher degree centrality post-

victimization (M = 0.005; SD = 0.006) compared to pre-victimization (M = 0.003; SD = 

0.004). The number of connections in prison significantly increases once offenders 

experience victimization. Similarly, offenders’ egonet size increases once they 
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experience serious victimization. In other words, victimized offenders’ ego network size 

becomes larger post-victimization (M = 4.56; SD = 5.52) compared to pre-victimization 

(M = 1.17; SD = 1.65). Lastly, offenders’ prison network significantly increase in effective 

size from pre- (M = 1.15; SD = 1.64) to post-victimization (M = 4.52; SD = 5.50). As they 

experience serious victimization, more structural holes are created in their networks, 

making them less cohesive than before. Offenders’ prison networks increase in size 

once they experience serious victimization. Such network trends indicate that victims 

may strive to build more connections in the prison setting so that they can use this 

criminal social capital to their benefit (e.g. information about possible threats, friends 

who have their backs).  
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Table 5. Network Comparisons of Pre- and Post-Victimization (n = 35) (All 
Components). 

 
Pre-Victimization Post-Victimization 

 

 
M (SD) M (SD) t; p 

Whole Network 
   

Degree Centrality*† 0.006 (0.008) 0.009 (0.010) t = -2.05; p = 0.048 

Betweenness Centrality*† 0.01 (0.01) 0.01 (0.01) t = -1.62; p = 0.114 

Egonet Size* 1.94 (1.87) 5.15 (5.48) t = -3.75; p < 0.001 

Density 0.61 (1.50) 0.28 (0.74) t = 1.13; p = 0.267 

Effective Size* 1.91 (1.86) 5.12 (5.46) t = -3.74; p < 0.001 

Peer Network 
   

Degree Centrality*† 0.003 (0.003) 0.004 (0.005) t = -2.06; p = 0.047 

Betweenness Centrality*† 0.00 (0.01) 0.01 (0.01) t = -2.45; p = 0.020 

Egonet Size* 1.13 (1.12) 3.84 (4.64) t = -3.78; p < 0.001 

Density 0.42 (1.40) 0.08 (0.14) t = 1.38; p = 0.178 

Effective Size* 1.11 (1.12) 3.83 (4.63) t = -3.80; p < 0.001 

Conflict Network 
   

Degree Centrality*† 0.003 (0.005) 0.004 (0.005) t = -2.83; p = 0.008 

Betweenness Centrality*† 0.00 (0.01) 0.01 (0.01) t = -0.46; p = 0.647 

Egonet Size* 0.48 (0.80) 1.09 (1.35) t = -2.82; p = 0.008 

Density 0.15 (0.61) 0.07 (0.23) t = 0.69; p = 0.496 

Effective Size* 0.48 (0.79) 1.09 (1.34) t = -2.83; p = 0.008 

Co-offending Network 
   

Degree Centrality*† 0.00 (0.00) 0.00 (0.00) t = -0.85; p = 0.399 

Betweenness Centrality*† 0.01 (0.00) 0.00 (0.00) t = 1.71; p = 0.096 

Egonet Size* 0.47 (0.56) 0.41 (0.45) t = 0.52; p = 0.608 

Density 0.60 (1.99) 0.21 (0.76) t = 0.86; p = 0.400 

Effective Size* 0.46 (0.55) 0.40 (0.44) t = 0.43; p = 0.670 

Community Network  
   

Degree Centrality*† 0.00 (0.00) 0.00 (0.00) t = -0.99; p = 0.330 

Betweenness Centrality*† 0.00 (0.00) 0.00 (0.00) t = 1.45; p = 0.157 

Egonet Size* 0.79 (0.73) 0.62 (0.61) t = 1.07; p = 0.293 

Density 0.60 (1.70) 0.00 (0.00) t = 1.79; p = 0.085 

Effective Size* 0.77 (0.71) 0.61 (0.61) t = 0.97; p = 0.338 

Prison Network  
   

Degree Centrality*† 0.00 (0.00) 0.01 (0.01) t = -2.09; p = 0.044 

Betweenness Centrality*† 0.01 (0.01) 0.01 (0.01) t = -1.23; p = 0.227 

Egonet Size* 1.17 (1.65) 4.56 (5.52) t = -3.95; p < 0.001 

Density 0.57 (1.76) 0.43 (1.24) t = 0.36; p = 0.722 

Effective Size* 1.15 (1.64) 4.52 (5.50) t = -3.92; p < 0.001 

Note. *denotes age-adjusted measures. †indicates normalized scores. All components are examined. To complement 
for normalized degree centrality, egonet size is included to indicate the direction of differences.   
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5.2.1. Network comparison of non-victims  

 Networks of non-victimized offenders’ pre-age 19 and post-age 19 have been 

visualized using NetDraw. Networks that are formed before and after age 19 are 

compared to understand whether changes in networks occur due to the age-crime curve. 

Specifically, age 19 was chosen as a cut-point since it was the average age of serious 

victimization among victims. All components of both networks (pre- and post-19) are 

examined to capture co-offending, social, and conflict ties that are formed in both 

community and prison. There are 64 non-victimized egos in both networks. In Figure 6, 

the full network of pre-age 19 consists of 980 ties, including 44.48% of community ties (n 

=  436) and 56.73% of ties that are formed in prison (n =  556). The pre-19 network of 

non-victimized offenders consists of 26.69% of co-offending ties (n =  291), 22.04% of 

conflict ties (n =  216), and 54.49% of social ties (n =  534). In Figure 7, the full network 

of post-age 19 includes a total of 1405 ties among non-victimized offenders. Specifically, 

ties formed in community consist of 8.40% (n =  118) and prison ties account for 92.17% 

(n =  1295). In addition, co-offending ties comprise of 8.11% (n =  114), conflict ties are 

19.15% (n =  269), and social ties account for 76.80% (n =  1079).  

 When examining non-victims’ total networks, the overall density of pre-19 

networks of non-victimized offenders is 0.002, the average nodal degree is 1.26, and 

centralization is 0.07. The overall post-19 network of non-victimized offenders have a 

density of 0.001, an average nodal degree of 1.13, and a centralization value of 0.08. 

After age 19, non-victims’ networks become less cohesive, indicating that non-victims 

are not as densely connected to each other before age 19. Their centralization increases 

from 0.07 to 0.08, meaning that their networks became more central, although the 

numerical values are minimal. Taken together, density and centralization suggest that 

non-victimized offenders’ total networks are not compact and they do not necessarily 

have “structural centres,” which refer to the point (or a set of points) where a centralized 

graph is built around. Lastly, average nodal degree decreased from 1.26 to 1.13. It 

indicates that non-victimized offenders connect with less delinquent peers as they get 

older.   
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Figure 6. Sociogram of non-victims’ ties (peer, conflict, co-offending) formed in community and prison pre-age 19. 
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Figure 7. Sociogram of non-victims’ ties (peer, conflict, co-offending) formed in community and prison post-age 19 
Notes. Males marked in circles; females marked in down triangles. Victims marked in red; non-victims marked in blue; alters marked in light blue. 
Conflict ties in red; social ties in gray; co-offending ties in green. Ties formed in community marked in dotted lines; ties formed in prison marked in 
solid lines. Level of gang involvement indicated according to the rim size. Egos include non-victims only. 
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As a supplementary analysis, paired-samples t-tests were conducted to examine 

how non-victimized offenders’ (n = 64) networks have changed from pre-19 to post-19. 

Networks that are formed before and after age 19 are compared to understand whether 

changes in networks occur in line with the aggregate age-crime curve. Consistent with 

previous analyses, all network measures have been age-adjusted. Given the differences 

in the age of network coding, network measures are divided by the number of follow up 

years. The pre-19 period is calculated by including all the ties from age 12 until 19, and 

the post-19 period includes all interactions that are formed from age 19 to the age when 

network coding ended (i.e. January 2019). Results of bivariate tests of non-victims’ 

network characteristics pre-19 and post-19 are shown in Table 6.  

Whole network. After age 19 (M = 3.20; SD = 3.60), non-victimized offenders 

display larger ego network size than before 19 (M = 2.03; SD = 1.68). Within the whole 

network that includes co-offending, social, and conflict ties in all contexts (e.g. 

community and prison settings), non-victimized offenders’ network size increases as 

they get older than 19. Non-victims’ ego networks become less dense after they reach 

the age of 19. Density is significantly higher in non-victimized offenders before the age of 

19 (M = 2.71; SD = 6.29) than after 19 (M = 0.08; SD = 0.20), meaning that network 

density decreases as they age. Non-victims’ effective size increases after age 19 (M = 

3.20; SD = 3.60) compared to before 19 (M = 1.97; SD = 1.67). Taken altogether, non-

victims’ networks increase as they go past age 19. An increase in the network that 

includes all social, conflict, and co-offending ties indicates that non-victimized offenders 

become more entrenched in criminogenic lifestyles as they age. As the whole network is 

an aggregate network that includes all tie-types (e.g. social, conflict, and co-offending 

interactions), each network type is examined separately below to understand how 

network characteristics change in a specific network type.  

Peer network. Non-victims’ egonet size is significantly larger post-19 (M = 2.46; 

SD = 3.04) compared to pre-19 (M = 1.11; SD = 1.14). As non-victimized offenders age, 

they expand their ego networks, which indicates that they make more pro-criminal 

friends. Non-victimized offenders show a higher effective size after 19 (M = 2.45; SD = 

3.03 vs. M = 1.09; SD = 1.14), meaning that they have more structural holes after age 

19. The peer network becomes less cohesive as non-victims age. Such changes in the 

peer network may suggest that non-victimized offenders make more friends as they get 

older, and they may do so in hopes of securing criminal social capital.  
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Conflict network. Non-victimized offenders have higher betweenness centrality 

before 19 (M = 0.004; SD = 0.006) compared to post-19 (M = 0.001; SD = 0.002). Non-

victimized offenders’ ability to work as a bridge between unconnected actors decreases 

as they get older than 19. In the conflict network, high betweenness centrality means 

that offenders are caught in the middle of conflicts between other actors. A decrease in 

betweenness centrality indicates that non-victimized offenders less often caught in the 

middle of others’ fights as they age. It may suggest that, as offenders mature, they are 

better able to get out risky conflictual circumstances.  

Co-offending network. In the co-offending network, non-victimized offenders have 

a higher betweenness centrality pre-19 (M = 0.001; SD = 0.003) compared to post-19 (M 

= 0.000; SD = 0.001). Non-victimized offenders function as brokers between co-

offenders who are unconnected more frequently before they reach the age of 19. It 

means that non-victimized offenders are more active in connecting co-offenders in 

carrying out a common criminal goal. As they age, they refrain from acting as brokers 

between co-offenders since they may realize that it is not worth the risk (i.e. high 

brokerage may put offenders at risk of being victimized). In the co-offending network, 

non-victimized offenders display larger egonet size before 19 (M = 0.62; SD = 0.68 vs. M 

= 0.26; SD = 0.46), meaning that non-victims’ co-offending connections decrease as 

they get older. Density is significantly higher for non-victimized offenders pre-19 (M = 

6.29; SD = 12.83), compared to post-19 (M = 0.00; SD = 0.00). Finally, non-victimized 

offenders have higher effective size before 19 (M = 0.56; SD = 0.63 vs. M = 0.26; SD = 

0.46), meaning that the cohesion of their co-offending networks become weaker as they 

age over 19.  

Community network. Looking at community ties only, non-victimized offenders 

have significantly higher betweenness centrality pre-19 (M = 0.002; SD = 0.003) 

compared to post-19 (M = 0.000; SD = 0.000). When looking at all ties (e.g. social, 

conflict, and co-offending ties) that are formed in community, non-victims function less 

often as bridges between other offenders as they get older. Non-victims have larger 

egonet size pre-19 (M = 0.90 ; SD = 0.85) compared to post-19 (M = 0.26; SD = 0.36). 

The number of connections formed in community, from the perspective of each ego, 

significantly decreases after the age of 19. Overall, non-victimized offenders’ community 

networks decrease in size as they get older than 19. Non-victimized offenders may form 

fewer community ties to avoid detection from criminal justice personnel. Non-victims 
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have higher density pre-19 (M = 2.78; SD = 5.61) compared to post-19 (M = 0.00; SD = 

0.00), which indicates that their ego network density decreases as they age. Before 19 

(M = 0.85; SD = 0.82), non-victimized offenders have higher effective size in community 

networks than after 19 (M = 0.26; SD = 0.36). Taken together, these findings indicate 

that offenders are embedded in less cohesive criminogenic networks as they age.  

 Prison network. Lastly, in the prison network, non-victims display larger egonet 

size post-19 (M = 2.97; SD = 3.55), compared to pre-19 (M = 1.13; SD = 1.42). As they 

age, non-victims may form more connections in the prison setting so that they have 

enough criminal contacts who they can use as resources in the future. Non-victims’ ego 

networks decrease in density as they age (M = 0.07; SD = 0.15 vs. M = 1.81; SD = 

5.44). Non-victims have higher effective size after the age 19 (M = 2.96; SD = 3.54 vs. M 

= 1.10; SD = 1.41). These findings suggest that non-victimized offenders’ ego networks 

become less cohesive as they age. Changes in ego network density should still be 

understood within the loosely knit network (i.e. has low overall density) which does not 

account for ties between alters unless they shared a tie with an ego at the same time.  
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Table 6. Network Comparisons of Non-Victims Pre- and Post-Age 19 (n = 64) 
 

Pre-19 Post-19 
 

 
% (n) / M (SD) % (n) / M (SD) t; p 

Whole Network 
   

Degree Centrality*† 0.00 (0.00) 0.00 (0.00) t = 0.13; p = 0.895 

Betweenness Centrality*† 0.01 (0.01) 0.01 (0.01) t = 0.11; p = 0.914 

Egonet Size* 2.03 (1.68) 3.20 (3.60) t = -2.85; p = 0.006 

Density 2.71 (6.29) 0.08 (0.20) t = 3.11; p = 0.003 

Effective Size* 1.97 (1.67) 3.20 (3.60) t = -3.00; p = 0.004 

Peer Network 
   

Degree Centrality*† 0.00 (0.00) 0.00 (0.00) t = -0.77; p = 0.445 

Betweenness Centrality*† 0.01 (0.01) 0.01 (0.01) t = 0.14; p = 0.892 

Egonet Size* 1.11 (1.14) 2.46 (3.04) t = -3.89; p < 0.001 

Density 1.88 (7.14) 0.11 (0.36) t = 1.81; p = 0.076 

Effective Size* 1.09 (1.14) 2.45 (3.03) t = -3.94; p < 0.001 

Conflict Network 
   

Degree Centrality*† 0.00 (0.00) 0.00 (0.00) t = 0.51; p = 0.616 

Betweenness Centrality*† 0.004 (0.006) 0.001 (0.002) t = 4.55; p < 0.001 

Egonet Size* 0.46 (0.51) 0.62 (0.77) t = -1.89; p = 0.063 

Density 0.06 (0.28) 0.00 (0.00) t = 1.43; p = 0.159 

Effective Size* 0.46 (0.51) 0.62 (0.77) t = -1.90; p = 0.062 

Co-offending Network 
   

Degree Centrality*† 0.00 (0.00) 0.00 (0.00) t = 1.07; p = 0.289 

Betweenness Centrality*† 0.001 (0.003) 0.000 (0.001) t = 2.82; p = 0.006 

Egonet Size* 0.62 (0.68) 0.26 (0.46) t = 3.69; p < 0.001 

Density 6.29 (12.83) 0.00 (0.00) t = 3.25; p = 0.002 

Effective Size* 0.56 (0.63) 0.26 (0.46) t = 3.32; p = 0.002 

Community Network  
   

Degree Centrality*† 0.00 (0.00) 0.00 (0.00) t = 1.74; p = 0.088 

Betweenness Centrality*† 0.002 (0.003) 0.000 (0.000) t = 4.16; p < 0.001 

Egonet Size* 0.90 (0.85) 0.26 (0.36) t = 5.69; p < 0.001 

Density 2.78 (5.61) 0.00 (0.00) t = 3.33; p = 0.002 

Effective Size* 0.85 (0.82) 0.26 (0.36) t = 5.45; p < 0.001 

Prison Network  
   

Degree Centrality*† 0.00 (0.00) 0.00 (0.00) t = -0.50; p = 0.622 

Betweenness Centrality*† 0.01 (0.01) 0.01 (0.01) t = -0.45; p = 0.654 

Egonet Size* 1.13 (1.42) 2.97 (3.55) t = -4.66; p < 0.001 

Density 1.81 (5.44) 0.07 (0.15) t = 2.32; p = 0.025 

Effective Size* 1.10 (1.41) 2.96 (3.54) t = -4.70; p < 0.001 

Notes. *denotes age-adjusted measures. † indicates normalized scores. All components are examined.  
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5.3. Multivariate analysis: Predicting the risk of 
victimization 

Risk factors associated with serious victimization were examined in a series of 

logistic regression models. Regression models prospectively examined serious 

victimization based on interactions that occurred before offenders experienced serious 

victimization (e.g. used ties from the pre-victimization network). Network characteristics 

were age-adjusted to facilitate comparisons between victims and non-victims, given that 

the latter group was followed up for the entirety of the study period. Specifically, 

separate models were formed to look at different tie-types, including (1) an aggregate 

network combining all ties, (2) conflict ties only, (3) social ties only, and (4) co-offending 

ties only. For the whole network, which includes an aggregate network combining all 

ties, separate analyses were conducted to examine all ties formed solely in the 

community and all ties formed solely in prison. Control variables and network measures 

are included in the multivariate regression model.  

Each network measure was tested separately due to concerns with potential 

multicollinearity. Across the different network types, the first model tests control variables 

(e.g. gender, ethnicity, gang involvement) and subsequent models add in specific 

network measures (See Appendix Tables A.1. to A.6.). Models 2 to 5 examine control 

variables and each network measure (e.g. degree centrality, betweenness centrality, 

density, and effective size) to predict the risk of serious victimization. Due to ease of 

interpretation and better readability, findings from Logistic Regression Quadratic 

Assignment Procedure (LR-QAP) are summarized in Table 7. For all community ties 

(e.g. social, conflict, and co-offending interactions) and co-offending ties that occurred in 

all contexts (e.g. community and prison settings), all network measures are included in 

Table 7. It is because no models found significant predictors in these networks. Refer to 

Tables A.4. and A.5. for the co-offending network and community network, respectively. 

For the rest of the networks (e.g. whole, peer, conflict, and prison networks), only the 

significant model is selected and presented in Table 7.  

Whole network. In the total network, including all social, conflict, and co-offending 

ties in community and prison settings, density emerged as a significant predictor of 

serious victimization in the whole network (p < 0.01). A one-unit increase in density 
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increases the odds of serious victimization by a factor of 2.74 (b = 1.007; SD = 0.198). 

No other significant predictors emerged in this network.  

Peer (social) network. In the offenders’ peer network, which includes all social 

ties accumulated in community and prison settings, density emerged as a significant 

predictor of serious victimization in the peer network (p < 0.05). A one-unit increase in 

density increases the odds of serious victimization by a factor of 1.875 (b = 0.628; SD = 

0.220). Being a female decreases the odds of serious victimization by a factor of 0.496 

(b = -0.701; SD = 0.412). Within offenders’ peer networks, females are significantly less 

likely to be victimized as opposed to males. No other significant predictors were found in 

other models.  

Conflict network. In the offenders’ conflict network, which includes all conflict ties 

in community and prison, betweenness centrality emerged as a significant predictor of 

serious victimization (p < 0.05). A one-unit increase in betweenness centrality increases 

the odds of serious victimization by a factor of 2.520 (b = 0.924; SD = 0.260). In conflict 

network, it indicates that offenders are more likely to be seriously victimized if they 

function as a bridge between offenders who are otherwise unconnected. With in the 

conflict network, this finding suggests that offenders who are caught in the middle of 

conflicts are more likely to be seriously victimized.  

Co-offending network. No significant predictors of serious victimization emerged 

in the co-offending network. Such findings are contrary to the bivariate findings of the 

pre-victimization network analysis.  

 Community network. No significant predictors of serious victimization emerged in 

the community network. In community-only ties, degree centrality, betweenness 

centrality, and effective size disappeared are not found to be significant predictors of 

serious victimization.  

Prison network. In prison-only ties, network density was found as a significant 

predictor of serious victimization, holding control variables constant (p < 0.05). A one-

unit increase in the density of the prison network significantly increases the odds of 

serious victimization by a factor of 2.434 (b = 0.890; SD = 0.235).  
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Table 7. Logistic Regression Quadratic Assignment Procedure (LR-QAP)  models predicting serious victimization 
across offenders.  

 All ties (n = 94) Social ties (n = 79) 
Conflict ties 

(n = 66) 
Co-offending ties 

(n = 46) 

 
All context 

Community-only  
(n = 48) 

Prison-only (n = 84) All context All context All context 

 b (SD) OR b (SD) OR b (SD) OR b (SD) OR b (SD) OR b (SD) OR 

Intercept 0.17 1.18 3.54 34.37 0.57 1.77 0.76 2.14 0.30 1.36 0.29 1.34 

Controls             

   Gender -0.21 (0.27) 0.81 0.02 (0.79) 1.02 -0.52 (0.11) 0.95 -0.70 (0.41)* 0.50* -0.54 (0.52) 0.59 -0.83 (1.05) 0.44 

   Ethnicity 0.12 (0.13) 1.13 -0.31 (0.31) 0.74 0.07 (0.13) 1.07 0.09 (0.15) 1.09 0.01 (0.17) 1.01 -0.34 (0.35) 0.71 
   Gang 
involvement -0.09 (0.09) 0.91 -0.02 (0.16) 0.98 -0.05 (0.11) 0.95 -0.02 (0.11) 0.98 -0.06 (0.12) 0.94 0.01 (0.15) 1.01 
Network 
measures             

   Degree† - - 1.07 (0.80) 2.92 - - - - - - 4.61 (1.36) 100.62 

   Betweenness† - - 0.19 (0.54) 1.21 - - - - 0.92 (0.26)* 2.52* -0.07 (0.93) 0.59 

   Density 1.01 (0.20)* 2.74* -0.41 (0.50) 0.66 0.89 (0.24)* 2.43* 0.63 (0.22)* 1.88* - - -0.28 (0.48) 0.76 

   Effective size† - - -3.79 (0.02) 6.02 - - - - - - -3.18 (1.42) 0.04 

Model fit         

Log likelihood -2607.58 -478.26 -1554.13 -1793.44 -1437.60 -542.30 

Significance 0.008* 0.566 0.049* 0.042* 0.014* 0.22 

Notes. †denotes age-adjusted measures. *p < 0.05.  
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Table 8. Summary of key findings across bivariate comparisons and multivariate analyses. 

 Lifetime network         
(Victims vs. Non-victims) 

Pre-victimization              
(Victims vs. Non-victims) 

Pre-vs. Post victimization  
(Victims only) 

Pre-vs.Post-19                 
(Non-victims only) 

LR-QAP 

Whole network: All ties; All 
contexts 

Victims have higher 
degree centrality, egonet 
size, and effective size 
compared to non-victims. 

NS 

Victims’ degree centrality, 
egonet size, and effective 
size increase after serious 
victimization. 

Non-victims’ egonet size 
and effective size increase 
after age 19. Their 
network density decrease 
after age 19. 

Higher density increases 
the likelihood of serious 
victimization. 

Peer network: Social ties; 
All contexts  

NS NS 

Victims ‘ degree and 
betweenness centrality, 
egonet size, and effective 
size increase after serious 
victimization. 

Non-victims’ egonet size 
and effective size increase 
after age 19. 

Higher density increases 
the likelihood of serious 
victimization.  

Conflict network: Conflict 
ties; All contexts 

NS 
Victims have higher 
conflict network density 
compared to non-victims. 

Victims’ degree centrality, 
egonet size, and effective 
size increase after serious 
victimization. 

Non-victims’ betweenness 
centrality decreases after 
age 19. 

Higher density increases 
the likelihood of serious 
victimization. 

Co-offending network: co-
offending ties; All context                  

NS 

Victims have higher 
degree centrality and 
effective size than non-
victims. 

NS 

Non-victims’ betweenness 
centrality, egonet size, 
density, and effective size 
decrease after age 19. 

NS 

Community network: All 
ties; Community only              

NS 
Victims have higher 
degree and betweenness 
centrality than non-victims. 

NS 

Non-victims’ 
betweenness, centrality, 
egonet size, density, and 
effective size decrease 
after age 19. 

NS 

Prison network: All ties; 
Prison only 

NS 
Victims have higher prison 
network density than non-
victims. 

Victims’ degree centrality, 
egonet size, and effective 
size increase after serious 
victimization. 

Non victims’ egonet size 
and effective size increase 
after age 19. Their density 
decreases after 19. 

Higher density increases 
the likelihood of serious 
victimization. 

NS = No significant differences exist. 
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Chapter 6.  
 
Discussion 

The victim-offender overlap clearly exists, but less is known about the causal 

mechanism behind the relationship. Lifestyle and routine activities frameworks have 

dominated the field of victimization research, and researchers established an association 

between risky lifestyles and victimization experiences. Accordingly, victims and 

offenders may share risky lifestyles. Past victimization research operationalized risky 

lifestyles using variables such as the number of delinquent friends, time spent outside of 

the household, and criminal offending history to unpack the victim-offender overlap. 

While existing research is informative in understanding victimization, they do not capture 

risky lifestyles and routine activities that are embedded in a broader social context. The 

current study offers a more nuanced way to measure risky lifestyles (e.g. peer 

delinquency) by examining delinquent peers’ embeddedness in criminogenic contexts.  

Existing studies (e.g. Cops & Pleysier, 2014; Lauritsen et al., 1991; Posick, 2013; 

Schreck et al., 2006; Warr & Stafford, 1991) identified various causal mechanisms 

between risky lifestyles and serious victimization. The nature of a person’s social 

network is informative of the extent to which they may lead a risky lifestyle, especially 

when this network includes social ties to criminogenic peers, co-offending relationships, 

and conflictual relationships, each of which may amplify the riskiness of a person’s 

lifestyle. Depending on the type of network individuals are embedded in, different causal 

mechanisms that lead to victimization may be in place. Specifically, high embeddedness 

in delinquent peer networks may expose individuals to a higher risk of serious 

victimization as (a) they are frequently exposed to potential motivated offenders and (b) 

they spend an increased amount of time engaging in risky behaviours. On the other 

hand, high embeddedness in a delinquent peer network may instead function as a 

protective mechanism against serious victimization (e.g. Miller, 1998; Shelden et al., 

2001). Specifically, individuals may use their criminal connections as a buffer against 

potential offenders and use the existing criminal social capital to their benefit. Either way, 

high embeddedness in criminogenic networks can be considered as a part of risky 
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lifestyles. The current study examined whether a network approach can help understand 

offenders’ experiences of serious victimization.  

Previous studies (e.g. Papachristos et al., 2012; Papachristos et al., 2015; 

Papachristos et al., 2015b) used SNA to explore victimization from a social contagion 

perspective. A social contagion model can be used to understand serious victimization 

among offenders and how victimization is diffused across various network types. The 

current thesis extends this line of research by going beyond gunshot victimization and 

looking at serious victimization more broadly (e.g., including but not limited to gunshot 

victimization). In specific, a reciprocal relationship between interactions and victimization 

is explored by adjusting for temporal order within offenders’ different network types. That 

is, at the bivariate level, the current study examined (a) the relationship between 

victimization and network characteristics, (b) the relationship between pre-victimization 

network characteristics and victimization (i.e., establishing temporal order), and (c) the 

impact of victimization on change in network characteristics (i.e., investigating the 

possibility of reverse causality in which differences between victims and non-victims in 

network characteristics may be attributable to the experience of victimization itself as 

opposed to differences between the groups prior to victimization). To be sure, the third 

analysis does not allow for statements to be made about differences between victims 

and non-victims, as the focus is only on victims. However, the third analysis does help to 

shed light on whether general network characteristic differences between victims and 

non-victims (e.g., without adjusting for temporal order) are primarily due to differences 

between the groups that existed before the victimization or after the victimization. 

To accomplish these different analyses, offenders’ networks (e.g. peer, conflict, 

and co-offending) are analyzed as they can offer a more nuanced explanation of the 

relationship between embeddedness in criminogenic networks (i.e. risky lifestyles) and 

victimization. SNA was used as a methodological tool to characterize offenders’ risky 

lifestyles. A network approach adds value to the current victimization research as it can 

offer a more nuanced explanation of the mechanism behind the victim-offender overlap. 

In specific, SNA considers the context of dynamic group processes and embeddedness 

in a broader social structure. The current study examined offenders’ risky lifestyles 

through their embeddedness in various criminogenic social settings, including peer, co-

offending, and conflict networks. Based on the findings that are presented in previous 
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chapters, the implications of using a network approach to understand serious 

victimization are discussed below.  

6.1.  Capturing risky lifestyles using a network approach 

Lifetime network. First, victimized offenders have more antisocial peer 

connections (i.e. in all contexts, including community and prison) compared to non-

victimized offenders. This is in line with the previous literature that victims have higher 

criminal social capital compared to non-victims (Jennings et al., 2012; Schreck et al., 

2006; Turanovic et al., 2015). This finding entails that victimized offenders socialize 

more with other offenders in both community and prison settings. While it may be the 

case that ties to criminogenic peers in community and prison increase the risk of 

victimization, the analyses in the lifetime network were unable to make distinctions in 

terms of whether ties preceded or followed the victimization event. Therefore, at this 

point, it is only clear that persons that have experienced serious victimization in their 

lifetime tend to have more criminogenic ties, which is still important because it may place 

them at risk for future (i.e., repeated) victimization.  

Pre-victimization network. Prior to serious victimization, victims’ conflict networks 

are more cohesive than that of non-victims. Density can explain how fast information can 

travel among nodes as it measures the proportion of ties that are present in a given 

network (Hanneman & Riddle, 2005). Although speculative, it is possible that individuals 

experienced serious victimization not because they had a lot of prior conflict with others, 

but because the conflicts that they did have were closely intertwined with other members 

of their network. In this case, cohesion in conflict networks is negative because 

individuals become more exposed to conflict. When offenders engage in physical 

conflicts using violence, these altercations may escalate into victimization, or offenders 

may use existing conflict ties to justify future retaliation (i.e. use of violence against one 

another). This is in line with the observation that violent offenders are more likely to 

experience retaliatory victimization that is in response to their previous offending (Singer, 

1986). A social contagion model may explain that escalation of violence in offenders’ 

conflict networks is likely to be transmitted between offenders. If offenders are exposed 

to increased conflicts, violence will likely be transmitted across and will lead to a 

reciprocal exchange of violence (Papachristos et al., 2012; Papachristos et al., 2015). 

Therefore, offenders’ risky lifestyles can be characterized by highly conflictual 
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environments. These negative ties may not protect each other from future victimization, 

but rather exacerbate the likelihood of being victimized. Controlling for temporal order, 

victims and non-victims no longer show significant differences with respect to peer 

network characteristics, indicating that peer networks are likely to change drastically 

after offenders experience serious victimization.  

Victimized offenders have a higher number of connections to their co-offenders 

(i.e. criminal social capital) compared to their non-victimized counterparts. When they 

co-offend, they may put themselves at a greater risk of being victimized as they 

consistently engage in risky behaviours along with high-risk individuals. Co-offenders 

may collaborate with one another when carrying out a common criminal goal, but they 

may not necessarily protect each other from future victimization. In fact, associations 

with co-offenders may increase exposure to people that have been victimized or have 

been in conflict with others. High embeddedness in the co-offending network may not 

provide a support system to defend against threats of violent predatory crimes. Rather, 

an individual could become ‘guilty by association’; that is, if others have a conflict with 

their co-offenders, the individual now becomes a part of the conflict. A level of trust that 

is accumulated between accomplices in reaching a common goal may only be specific to 

the co-offending context. In other words, co-offenders may function as trusted criminal 

associates when carrying out a common criminal goal, but they may not have access to 

information about potential victimization threats against themselves and, therefore, are 

not able to appropriately take precautions against those threats. Anderson’s (1999) 

“code of the street” framework can provide an explanation for this finding as individuals 

who are enmeshed in the code ascribe to the self-centered view of the social world. 

Individuals who are embedded in criminogenic environments will be wary of others, think 

of themselves first before anything else, and thus will prioritize watching their own backs 

(Anderson, 1999; Matsuda et al., 2013).  

Pre- vs. post victimization network. Victims have a higher number of conflict, 

peer, and prison connections after they experience serious victimization. Once they 

experience serious victimization, they may seek to expand their peer networks to help 

rally support to get revenge (or at least offer some insulation/support) against others. To 

avoid repeat victimization, offenders may make changes to their risky lifestyles by 

creating social support and protection against external threats (Turanovic & Pratt, 2014). 

Thus, it is possible that victims attempt to make friends, and expand their criminal social 
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capital to buffer against future victimization. Alternatively, they may attempt to make 

more allies (e.g. social support, necessary resources) so that they could aid in future 

retaliation against perpetrators. In victims’ peer networks, their betweenness centrality 

increases after the serious victimization. Victims are more likely to act as brokers 

between peers after they experience serious victimization. Hindelang et al. (1978, p. 

129) proposed a “once bitten, twice shy” hypothesis, which indicates that victims make 

changes to their risky lifestyles in a way that can reduce the likelihood of future 

victimization. Thus, they may strategically position themselves as a bridging tie in their 

peer network to mitigate the likelihood of further victimizations. Among victimized 

offenders, an increase in network size is consistent across different network types. This 

finding could imply that serious victimization may be one of the turning points that trigger 

changes in offenders’ network characteristics. Although it is beyond the scope of current 

study, future research is warranted to understand the relationship between changes in 

network characteristics and victimization experiences.  

While the concept of “once bitten, twice shy” may have been the philosophy of 

individuals that experienced serious victimization, it did not appear that their philosophy 

was successful. They gained more social ties to criminogenic peers; however, they also 

gained more criminogenic ties. That conflict networks increased in size post-victimization 

may be evidence that victimized offenders attempted to exact revenge against 

perpetrators. In the current study, there was more evidence to suggest that increases in 

peer-based connections post-victimization were more so a strategy to exact revenge 

than to protect themselves. Victims engage in more conflicts than to insulate themselves 

from victimization within a larger peer network. A rival hypothesis is that the observed 

changes in network characteristics post-victimization were simply a natural part of the 

transition to emerging adulthood. To indirectly examine this question, a supplementary 

analysis was conducted on non-victims to examine whether they experienced similar 

network changes during a similar window of observation. Because the mean age of 

victimization was 19, this analysis looked at non-victims’ changes of network 

characteristics before and after age 19. Non-victims did show network changes, but their 

direction of network changes was different. Non-victimized offenders had larger co-

offending and community network sizes before the age of 19. Size and density of their 

co-offending and community network decrease as they go over 19. Specifically, non-

victimized offenders have fewer interactions (including peer, co-offending, and conflict 
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ties) as they get older than 19. This phenomenon is in line with the age-crime curve as 

non-victims co-offend less as they get older, meaning that they show patterns of 

desistance (Moffitt, 1993; Piquero et al., 2003). Victimized offenders showed an increase 

in network size after victimization, which is contrary to the aggregate age/crime curve. 

To examine whether this change is unique to victimized offenders, network 

characteristics of non-victims are also compared. Since there is no natural cut point for 

non-victimized individuals, the average age of victimization (i.e. age 19) is selected. 

Non-victims’ network characteristics are compared pre- and post-age 19, which can 

examine the aggregate age-crime curve. Non-victims have a larger co-offending network 

before age 19, meaning that their criminogenic networks decrease in size. It can be 

speculated that non-victimized offenders follow Moffitt’s (1993) “adolescent-limited” (AL) 

group as they are embedded in larger co-offending networks during their adolescence 

(Piquero et al., 2003). As non-victims get older, they show positive patterns of 

behavioural change as (a) their co-offending network decreases and (b) they are less 

frequently caught in the middle of conflicts (i.e. they can better escape conflicts). Non-

victims may engage in a higher number of co-offending incidents because they may feel 

the need to belong to their immediate social groups and not be excluded (i.e. selection 

effect).  

Alternatively, it can be a way of non-victimized offenders’ coping mechanisms 

towards the maturity gap. Adolescents experience a maturity gap because they are 

physically mature enough to resemble adults, but their behaviours are socially 

constrained to act like adults, which ultimately creates status frustration. Especially, such 

frustration may be exacerbated in the context of serious and violent offender population 

because adolescent offenders are already exposed to highly criminogenic environments 

where successful adult offenders dominate. Although Moffitt (1993) stated that AL 

offenders would likely engage in status and property-oriented offences, such as theft, 

smoking, drug use, and vandalism (Piquero et al., 2003), such behavioural trends may 

not be the case for serious and violent offender population. Within the context of serious 

violent offenders, non-victimized adolescent offenders may deal with the maturity gap by 

co-offending with peers. Adolescent offenders may engage in co-offending with peers so 

that they can mimic successful adult offenders. Through successful co-offending 

operations, adolescent offenders may vicariously experience behaviours of successful 

adult offenders.  
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 Similarly, non-victims have a higher betweenness centrality in the conflict 

network before the age of 19. It indicates that non-victims are more frequently “caught in 

the middle” of fights before age 19, but find themselves outside of conflict after age 19. 

This can be contrasted with the experience of victims. Post-victimization (e.g. on 

average, post-age 19), victims become even more deeply embedded in conflicts. It is 

possible that individuals who experience serious victimization get caught up in tit-for-tat 

retaliatory conflicts that persist through emerging adulthood. Alternatively, it can be 

interpreted that experiences of serious victimization prolongs the age-crime curve 

among offenders. Once offenders get seriously victimized, they may seek future 

opportunities to retaliate against previous perpetrators. A higher embeddedness in 

criminal networks could be offenders’ ways of coping with the cycle of violence. 

Therefore, experiences of serious victimization among offenders may enhance their 

embeddedness criminal lifestyles post victimization.  

In contrast, individuals that escape serious victimization not only avoid an 

escalation in the conflict; but they actually experience a de-escalation in conflict over 

time. Non-victims’ betweenness centrality decreases after the age of 19, and such 

finding indicates that they are less likely to be “caught in the middle” of conflicts, and 

they are readily available to avoid such altercations. On the contrary, non-victims’ peer 

network size increases as they get older than 19. As they age, non-victims retain more 

pro-criminal peers since they may seek protection from their peers against any potential 

victimization. When looking at non-victims’ conflict and co-offending networks, conflict 

and co-offending networks of non-victimized offenders more closely resemble the age-

crime curve since their networks get less problematic (e.g. their conflict and co-offending 

networks get smaller). On the contrary, victimized offenders do not exactly follow the 

age-crime curve as they get more deeply embedded in criminogenic networks, and their 

networks get more problematic. This trend likely makes it harder for victimized offenders 

to phase out of crime, which goes against the aggregate age-crime curve.  

Altogether, these findings demonstrate that offenders’ network boundaries are 

fluid and network characteristics change from one point to another. Thus, it lends 

support to previous findings that risky lifestyles are dynamic. More so, the effect of 

serious victimization among offenders may be unique since victims tend to have 

increased network size after they experience serious victimization. It indicates that 

victims are more likely to associate with other victims more frequently after they 
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experience victimization. Such group processes (i.e. homophily) can be partially 

explained by a selection effect, which indicates that offenders who are friends with 

victims are at increased risk of victimization because those interactions mark individuals 

as suitable targets (Turanovic & Young, 2016). Alternatively, it can be explained by the 

fact that victims end up together more frequently due to the lack of options (e.g. re-

evaluation of their friendship) and fear of being socially excluded due to negative stigma 

attached to victimization (Turanovic & Young, 2016, p. 508). Previous research (Miethe 

et al., 1990; Turanovic & Pratt, 2015) indicated that adolescents who make changes to 

their risky lifestyles (e.g. maintaining risky socializing and spending time with violent 

friends) after victimization are at a greater risk of being re-victimized. Therefore, victims 

may make changes to their network characteristics so that they can mitigate the risk of 

serious victimization. Depending on the type of network offenders are embedded in, 

victims and non-victims display distinct network characteristics. Therefore, offenders’ 

risky lifestyles can be characterized by examining their network embeddedness in 

various criminogenic networks, and thus, the relationship between offenders’ risky 

lifestyles and serious victimization may be context-specific.  

To summarize, three steps of bivariate comparisons were conducted to 

understand (a) differences between victims and non-victims and (b) measure risky 

lifestyles using a network approach. First, lifetime network included offenders’ all ties 

(e.g. social, conflict, and co-offending) with no temporal adjustments. Victimized 

offenders have more criminogenic ties compared to non-victimized offenders, which is 

indicative of high embeddedness in risky criminal lifestyles. As it is clear that differences 

exist between victims and non-victims, the next step involves pre-victimization network 

analysis. In this step, temporal order was established between offenders’ interactions 

and serious victimization (i.e. looks at all ties that occurred before serious victimization). 

When controlling for temporal order, victimized offenders (a) have more cohesive conflict 

networks, and (b) show higher embeddedness in co-offending networks. The third step 

involves a comparison of pre- and post-victimization networks of victimized offenders to 

understand the reciprocal relationship between network characteristics and serious 

victimization. Victims’ peer and conflict networks increase in size after they experience 

serious victimization. To examine whether these network changes are unique to victims, 

non-victims’ networks are also compared with respect to age 19. In contrast with the 



72 

changes detected in victims’ networks, non-victims’ criminogenic networks decrease in 

size after age 19.  

Overall, these analyses warrant three major implications. First, victims are 

characterized by riskier criminal lifestyles through higher embeddedness in criminogenic 

networks. Second, victimization may have a unique effect in creating a particular type of 

network responses among offenders. In other words, a network effect may be amplified 

when examining serious victimization, as opposed to minor forms of victimization. 

Victims’ and non-victims’ network changes are not to be considered a natural 

progression into emerging adulthood. This can be partly attributed to the aggregate age-

crime curve. Whereas non-victims’ changes in network characteristics follow the 

aggregate age-crime curve, victims’ changes in network characteristics do not. Third, 

individuals may have particular network characteristics that expose them toward a higher 

risk of victimization. The results of multivariate analyses are discussed below to examine 

the third point.  

6.2.  The network effect: Implications for understanding 
victimization  

 The final component of the current study involved examining whether network 

measures predict serious victimization using the Logistic Regression Quadratic 

Assignment Procedure (LR-QAP) in UCINET. Previous studies relied on individual-level 

variables to unpack the victim-offender overlap using risky lifestyles framework. 

However, limited studies considered how offenders’ embeddedness in criminogenic 

networks may contribute to serious victimization. SNA allows to capture risky lifestyles 

by examining offenders’ embeddedness in different network types and predict the 

likelihood of serious victimization. To understand the causal mechanism, temporal order 

was established in the multivariate analyses (i.e. an extension of pre-victimization 

analysis).  

First, within the offenders’ whole, peer, and prison networks9, density predicts 

serious victimization. Specifically, offenders’ risk of serious victimization increases if their 

peer network is more cohesive. In a typical dense network, everyone is friends with 

 

9 Prison network includes all social, co-offending, and conflict interactions within the prison setting.  
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everyone, allowing for an increased differential association between offenders. The 

intensity and frequency of association will be greater in a dense network, compared to a 

loosely knit network where members are friends with only a few surrounding actors 

(Haynie, 2001). It indicates that actors are highly connected to one another, which allows 

for a quicker flow of information and resources. It further suggests that offenders engage 

in risky lifestyles by continuing to spend more time with one another in a highly cohesive 

group. As the current sample consists of the most serious and violent offenders in BC, it 

is likely that they had some form of social, co-offending, or conflict interactions in either 

community or prison settings. This way, the density of context-specific ego networks is 

likely to increase, although the overall density of the total network (including all ties 

formed in all contexts) remains low due to the exclusion of connections between alters.10 

As ego network density increases, knowing offenders (e.g. potential perpetrators) 

outside of their network is less likely, making external pressures (e.g. victimization 

threats) less influential. Embedded in a strong social identity, offenders are not 

frequently exposed to new information (e.g. external threats, information regarding 

potential perpetrators) due to social closure (Coleman, 1990; Granovetter, 1973). Social 

closure is likely to constrain offenders’ behaviours in a way that aligns with the networks’ 

normative behaviour so that they can establish socially acceptable behaviours (Giordano 

et al., 1986) and “a clear normative order” within the network (Haynie, 2001, p. 1025). 

Once offenders are enmeshed in normative behaviours of the network, they are unlikely 

to change their behaviours and open up to outside members. Anderson’s (1999) “code 

of the street” framework supports this view as individuals who are highly embedded in 

criminogenic environments abide by code-related attitudes (Matsuda et al., 2013). 

Offenders may seek respect, which is a “prized commodity” (p. 442), by prioritizing code-

related attitudes and manners. For this reason, offenders are less likely to break the 

code since it takes time and effort to earn respect from fellow offenders. Highly 

embedded in network culture and code, offenders will less likely make friends (e.g. 

create allies) with members from outside groups who can potentially provide information 

against future threats. 

 

10 The egonet density is different from the overall density of a total network. The former measure 
examines the percentage of all possible ties that are present in each ego network. The latter 
measure examines cohesiveness of the entire network by examining the total number of present 
ties divided by possible ties. 
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Embeddedness in a highly cohesive criminogenic network (i.e. these were ties 

that were not to just any peer, but rather a social tie to a peer who is known to be 

involved in criminal behaviours) increase the risk of being seriously victimized. This 

finding counters the claim that criminal associates are able to offer protection and help 

them defend against external harm. It further lends support to Schreck et al.’s (2004) 

claim that being positioned in a dense criminal group “does not guarantee protection 

from violent victimization” (p. 42). Trust and friendship that are acquired from the 

offenders’ peer network may put individuals at risk rather than protect them against 

victimization. This finding supports Schreck et al. (2014) as they also established that 

central members of dense criminal groups are more vulnerable to violent victimization 

because an increased amount of violence may be targeted at them. Therefore, high 

embeddedness in pro-criminal networks (i.e. peer and prison networks) shapes 

offenders’ risky lifestyles. 

Second, from a comparison of pre- and post-victimization networks, it was found 

that victims tend to increase their peer and prison network size after they experience 

serious victimization. Consistent with Hindelang et al.’s (1978) “once bitten twice shy” 

hypothesis, offenders expand their peer networks to establish a support system against 

potential threats and victimization. McCarthy et al. (2002) found that offenders with 

higher positive criminal social capital can rely on criminal associates so that they can 

defend against incoming threats. Therefore, offenders may view expanding their prison 

network as an accumulation of criminal social capital, which can protect them from future 

victimization. 

Third, betweenness centrality among offenders in a conflict network is a predictor 

of serious victimization. In other words, offenders’ risk of serious victimization increases 

when they have higher betweenness centrality. Specifically, it measures a level of 

brokerage as it examines offenders’ ability to connect actors who are otherwise 

unconnected. Therefore, betweenness centrality can offer insights in answering whether 

higher brokerage can protect against or expose offenders to a greater risk of serious 

victimization. Strategic network positioning may be beneficial in securing criminal social 

capital, but offenders who function as bridges in a conflict network may not have trusted 

criminal associates who can help them insulate from predatory crimes. Therefore, 

offenders with high betweenness centrality in a conflict network are in a vulnerable 

position to get seriously victimized when they have increased brokerage power. Higher 



75 

betweenness centrality in a conflict network indicates that offenders are frequently 

caught in the middle of offender disputes. Caught in the middle of various types of 

conflicts, offenders are more frequently exposed to direct or vicarious violence that may 

increase the risk of victimization. Serious victimization may result when violence 

escalates in physical conflicts between offenders. A social contagion model can be used 

to explain such transmission of violence and victimization across offenders (Burt, 1987). 

The theoretical model supports this finding as it indicates that opinions, behaviours, and 

attitudes are influenced by surrounding actors, and certain behaviours are transmitted 

within a group (Burt, 1987; Papachristos et al., 2015b). As violence escalates and gets 

diffused between offender disputes, odds of serious victimization will increase.  

Lastly, null findings suggest that high embeddedness in co-offending and 

community networks does not necessarily increase offenders’ risk of experiencing 

serious victimization. Network ties and criminal social capital obtained from the co-

offending network does not necessarily mitigate or exacerbate the risk of serious 

victimization. A contrasting result emerged as bivariate analyses of victims and non-

victims in a pre-victimization network demonstrated that victims have a higher number of 

co-offending connections. Embeddedness in co-offending networks not only make 

offenders vulnerable targets for motivated offenders absent of capable guardianship but 

also shape their risky lifestyles. However, the co-offending network effect disappeared 

from the equation when taking control variables into account.  

Thus far, the current study established that offenders’ networks relate to 

victimization. However, the relationship between network characteristics and 

victimization is not fully explained by the fact that offenders are active in crime. In other 

words, offenders’ networks relate to victimization not because it is a simple indicator of 

their activeness in crime. It could be because there is something unique about offenders’ 

network ties that characterize risky lifestyles. A “network effect” may exist, independent 

of simply being an active offender. In the co-offending network, no network measures 

successfully predict serious victimization. High embeddedness in the co-offending 

network indicates that offenders actively engage in crime with one another. Offenders’ 

network positionality and qualitative nature of their interactions may play a role in 

shaping a network effect. The current study found that peer network density, prison 

network density, and betweenness centrality in conflict networks lead to a higher risk of 

serious victimization. Specifically, what offenders gain or lose (e.g. criminal social 
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capital, future enemies and allies) from being situated in peer, prison, and conflict 

networks may make them more vulnerable to be victimized. Altogether, these findings do 

not simply indicate how active offenders are in committing crimes. Instead, these 

network characteristics offer a contextual explanation behind the causal process 

between network characteristics and victimization.  

6.3.  Implications for policy and practice 

Thus far, the results of the current study demonstrate the importance of 

considering the social embeddedness of offenders in understanding serious 

victimization. Understanding networks of offenders may help criminal justice officials in 

assessing which offenders are at risk of experiencing serious victimization. The current 

study suggests two main findings: (a) density in criminogenic networks is a significant 

predictor of serious victimization, and (b) offenders who are frequently caught in the 

middle of fights are exposed to a heightened risk of serious victimization. Policy and 

practice implications that are relevant to the above findings are discussed below.  

First, criminal justice practitioners should keep track of offenders’ interactions, 

such as who they socialize, co-offend, or get into conflict with. Collecting data on 

offenders’ interactions allow criminal justice officials to understand (a) who offenders 

connect to most frequently, (b) whether they accrue the same types of interactions over 

time, and (c) a qualitative nature of these interactions. Being aware of such information 

(i.e. density of offenders’ networks), criminal justice practitioners could mitigate the 

likelihood of future victimization among offenders. Specifically, risk assessment tools that 

are used in institutions should incorporate network-related characteristics. Inclusion of 

network measures (e.g. the type and nature of interactions offenders have) would allow 

criminal justice professionals to understand whether offenders are a part of a cohesive 

prison network (i.e. density). Specifically, practitioners could capture network-related risk 

factors for victimizations when they report on community logs, institution logs, or risk 

assessment forms as they can readily observe offenders’ interactions within the facility. 

Aside from alerts, which contain information on the offender’s no-contacts and contact-

concerns, intake-interviews, or self-reported data on each offender’s immediate social 

networks (including co-offenders or pro-criminal peers) can help criminal justice officials 

to understand offender’s network dynamics. Incorporating network-related measures can 

help practitioners map offenders’ ego networks, better understand offenders’ 
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positionality within co-offending networks, and who they are more likely to connect to. An 

effective solution to mitigate the risk of serious victimization among offenders may be to 

pull them out of the dense criminogenic network via relocation of high-risk offenders (i.e. 

constantly engaging in conflicts in a dense prison network) to a new correctional facility.  

Second, one of the key findings of this study is that a higher brokerage power in 

conflict networks predicts serious victimization. This finding may have important 

implications for intervention programs that are aimed at reducing serious victimization 

among high-risk offenders. When criminal justice professionals are reporting on 

offenders’ conflicts in prison or community, it may be beneficial to note who are involved 

in those conflicts. Offenders who are caught in the middle of conflicts have a higher risk 

of being seriously victimized. If practitioners can identify those brokers, they may be able 

to take precautionary steps to mitigate the likelihood of serious victimization. Steinberg 

et al. (2004) found that youths’ frequent involvement in the criminal justice system 

hinders psychosocial development, as well as their ability to form positive relationships. 

Lack of their ability to form positive and pro-social relationships may lead to ineffective 

conflict resolution skills (e.g. relying on violence). Therefore, prison programs and 

intervention practices should aim to foster positive relationships between offenders and 

reduce negative interactions (e.g. conflict resolution skills). Intervention efforts that are 

directed to decrease the riskiness in offenders’ daily lifestyles will also help them stay 

away from serious victimization. In addition, it is premature to conclude that offenders 

are victimized more frequently because they are more actively involved in crimes. It is 

particularly important for criminal justice professionals to understand that serious and 

violent offenders are constantly embedded in conflictual situations as opposed to co-

offending ties (Figure 2). Specifically, these individuals spend a lot of time engaging in 

fights with one another and effective intervention programs in prison and community 

should pay attention to how these offenders live their lives. 

6.4. Limitations and future directions 

 Findings from the current study should be considered with the limitations of the 

current thesis. First, the network data were collected from the official community and 

correctional service reports in CORNET; the amount of available data largely depends 

on how detailed the criminal justice professionals were in logging incidents reports. If 

offenders were a part of prison programs where criminal justice professionals are 
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required to report more strictly, they would have more information recorded (i.e. more 

information on interactions with other offenders). This is particularly relevant to 

community-related ties as criminal justice professionals cannot be fully aware of 

offenders’ community associations compared to the ones in prison. It is likely that 

interactions that occurred in both prison and community are underestimated. However, 

co-offending and conflict ties are systematically entered since these incidents require 

official documentation in the CORNET database.  

Second, the current sample consists of a homogenous group. Although new 

network data were collected, the existing data were initially collected to compare gang 

members to non-gang offenders. Oversampling gang members from a population of 

serious and violent offenders indicate that the current sample represents the most 

serious offenders who are in the deep-end of the criminal justice system. This may partly 

explain why victimized and non-victimized offenders did not significantly differ in terms of 

offending history, number of convictions and types of offences. Oversampling of gang-

involved offenders in the sample may mask certain individual-level differences between 

groups. In community studies, gang members are typically compared to non-gangs and 

non-offenders. As with most studies using serious offender samples, there are only 

seven females in the sample.  

Specifically, multivariate findings suggest that ethnicity and gang involvement do 

not predict serious victimization across different networks. This null finding is contrary to 

previous empirical studies that examine the effect of gang involvement on serious 

victimization. Gang involved youth are at increased risk of serious victimization 

compared to non-gang counterparts (Peterson et al., 2004; Taylor et al., 2007) because 

they are more frequently involved in delinquent acts, such as drug sales and gang fights, 

which lead to risky lifestyles (Taylor et al., 2008). In addition, Hindelang et al. (1978) 

found that demographic characteristics (e.g. age, race, sex, income) are associated with 

the kinds of behavioural patterns that shape individuals’ routine activities and daily 

lifestyle that expose them to different levels of victimization risk (Turanovic & Pratt, 

2016). Therefore, the homogeneity in the current sample reduces the likelihood of 

gender, ethnicity, and gang involvement variables being significant predictors of serious 

victimization. It is important to consider that these null findings do not negate the effect 

of demographic characteristics on serious victimization. Particular emphasis should be 

shifted towards network measures as these findings elucidate the importance of 
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offenders’ network characteristics and their embeddedness in criminogenic networks in 

understanding serious victimization. Future research should investigate the victim-

offender overlap using a more heterogeneous group with respect to the composition of 

gender and ethnicity.  

Next, although existing studies (e.g. Turanovic et al., 2015; Turanovic & Pratt, 

2014) established a link between self-control and victimization, the available data did not 

allow for direct measurement of participants’ self-control. However, considering the 

nature of serious and violent offender population, effects of self-control are likely to be 

non-significant because the majority of serious and violent offenders score low on self-

control. Future studies with a larger and heterogenous sample should examine how self-

control and network characteristics can unpack the victim-offender relationship. In 

addition, different forms of victimization (e.g. minor forms of victimization, repeat 

victimization) were not examined in the current study. The current study focused on 

serious forms of victimization (e.g. homicide, stabbings, shootings, and serious assaults 

that required trips to hospitals) because (a) initial data coding revealed that almost all 

participants experienced minor assault victimization and (b) data on repeat victimization 

were only partly available. The fact that victimization was germane to the serious violent 

offender population lends support towards the victim-offender overlap. As the current 

study focused on serious victimization among serious and violent offender population, 

the findings may not be generalizable to the victim-offender overlap within the general 

offender population. The unique nature of the sample must be considered when 

interpreting the findings since they are the population who are embedded in a deep-end 

of the Canadian criminal justice system. Therefore, future studies are warranted to 

explore the relationship between network characteristics and different forms of 

victimization (e.g. minor forms of victimization and repeat victimization). Notwithstanding 

these limitations, results from the current study highlight the importance of 

understanding offenders’ embeddedness in the criminogenic networks in examining 

serious victimization. 

Lastly, the current study found that the network characteristics of victims and 

non-victims change from one point to another. Although it is beyond the scope of the  

current study to examine the age-graded nature of risky lifestyles (Hensen et al., 2010), 

addressing this question may contextualize the relationship between the victim-offender 

overlap and identify risk factors that are specific to particular stages of the life course. 
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Identifying age-graded risk and protective factors for future victimization will allow 

criminal justice professionals to tailor treatment and intervention programs specific to 

particular stages of the life course (Turanovic et al., 2018).  

6.5.  Summary and conclusion  

Using data from a sample of serious and violent offenders, findings from the 

current study used a network approach to extend risky lifestyle framework. Departing 

from traditional victimization research that relies on the individual- and behavioural-traits 

to explore risky lifestyles, the current study examined risky lifestyles using offenders’ 

embeddedness in risky criminogenic networks. Taken altogether, findings from the 

current study demonstrate that (1) risky lifestyles can be measured by examining 

individuals’ embeddedness in various networks, (2) victims and non-victims show distinct 

network characteristics, (3) offenders’ risky criminal networks are dynamic as they 

change from one point to another, and (4) a network effect may exist in understanding 

serious victimization.  

First, in the offenders’ lifetime network, victims have a bigger network size than 

non-victims. Second, when temporal order between interactions and serious 

victimization is established, co-offending and conflict network characteristics differ 

between victims and non-victims. Third, whereas non-victims’ co-offending networks 

decrease in size after age 19, victims’ become more embedded in criminogenic lifestyles 

as they age, lending partial support towards the aggregate age-crime curve. Lastly, 

multivariate analyses showed that offenders’ network density predicts serious 

victimization. A network effect does not simply indicate how active offenders are in 

committing crimes, but rather, what offenders gain or lose (e.g. social support, criminal 

social capital) from those network ties may partially unmask social mechanisms between 

the victim-offender overlap that are otherwise hidden. Findings of the current study 

suggest that policies, practices, and future research should consider individuals’ 

embeddedness in a broader social context. Specifically, offenders embeddedness in 

criminogenic networks must be considered to better understand the victim-offender 

overlap. SNA acknowledges interdependence among actors, and measures offenders’ 

risky lifestyles in a more nuanced way in exploring the victim-offender overlap.  
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Appendix. Findings of Multivariate Analyses 

Table A.1. Logistic Regression Quadratic Assignment Procedure (LR-QAP)  models predicting serious victimization 
across offenders. 

 Total network (n = 94)  
Model 1 Model 2 Model 3 Model 4 Model 5  
b (SD) OR b (SD) OR b (SD) OR b (SD) OR b (SD) OR 

Intercept 0.44 1.55 0.24 1.28 0.22 1.24 0.17 1.18 0.26 1.30 

Control variables  
         

     Gender 0.05 
(0.26) 

1.06 0.06 
(0.26) 

1.07 0.06 
(0.26) 

1.07 -0.21 
(0.27) 

0.81 0.07 
(0.26) 

1.61 

     Ethnicity 0.09 
(0.13) 

1.10 0.10 
(0.13) 

1.10 0.09 
(0.13) 

1.10 0.12 
(0.13) 

1.13 0.10 
(0.13) 

1.10 

    Gang involvement -0.10 
(0.10) 

0.91 0.10 
(0.09) 

0.91 -0.10 
(0.26) 

0.91 -0.09 
(0.09) 

0.91 -0.10 
(0.09) 

0.91 

Network measures  
         

     Degree centrality† - - 0.14 
(0.22) 

0.87 - - - - - - 

     Betweenness centrality† - - - - -0.12 
(0.20) 

0.89 - - - - 

     Density - - - - - - 1.01 
(0.20)* 

2.74* - - 

     Effective size† - - - - - - - - -0.17 
(0.22) 

0.84 

Model fit  
          

Log likelihood -3002.79 -3001.91 -3001.98 -2607.58 -3001.40 

Significance 0.77 0.82 0.84 0.008* 0.79 
†denotes age-adjusted measures. *p < 0.05. 
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Table A.2. Logistic Regression Quadratic Assignment Procedure (LR-QAP)  models predicting serious victimization 
across offenders. 

                                                Peer (social) network (n = 79)  
Model 1 Model 2 Model 3 Model 4 Model 5  
b (SD) OR b (SD) OR b (SD) OR b (SD) OR b (SD) OR 

Intercept 0.65  1.91 0.67 1.95 0.59 1.80 0.76 2.14 0.68 1.98 

Control variables           

     Gender -0.50 
(0.34) 

0.61 
 

-0.49 
(0.40) 

0.61 -0.53 
(0.40) 

0.59 -0.70 
(0.41)* 

0.50* -0.49 
(0.40) 

0.62 

     Ethnicity 0.11 
(0.14) 

1.11 0.10 
(0.14) 

1.11 0.11 
(0.14) 

1.11 0.09 
(0.15) 

1.09 0.10 
(0.14) 

1.11 

     Gang involvement -0.06 
(0.11) 

0.94 -0.06 
(0.11) 

0.94 -0.06 
(0.11) 

0.94 -0.02 
(0.11) 

0.98 -0.06 
(0.11) 

0.94 

Network measures           

     Degree centrality† - - -0.04 
(0.26) 

0.96 - - - - - - 

     Betweenness centrality† - - - - 0.15 
(0.23) 

1.17 - - - - 

     Density† - - - - - - 0.63 
(0.22)* 

1.88* - - 

     Effective size† - - - - - - - - -0.07 
(0.26) 

0.94 

Model fit            

Log likelihood -2111.19 -2111.14 -2110.30 -1793.44 -2111.05 

Significance 0.38 0.54 0.44 0.042* 0.52 
†denotes age-adjusted measures. *p < 0.05.  
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Table A.3. Logistic Regression Quadratic Assignment Procedure (LR-QAP)  models predicting serious victimization 
across offenders. 

 Conflict network (n = 66)  
Model 1 Model 2 Model 3 Model 4 Model 5  
b (SD) OR b (SD) OR b (SD) OR b (SD) OR b (SD) OR 

Intercept 0.72 2.06 0.59 1.78 0.30 1.36 0.77 2.15 0.60 1.82 

Control variables           

     Gender -0.48 
(0.52) 

0.62 -0.50 
(0.52) 

0.61 -0.54 
(0.52) 

0.59 -0.48 
(0.60) 

0.62 -0.50 
(0.52) 

0.61 

     Ethnicity 0.01 
(0.17) 

1.01 0.01 (0.17) 1.07 0.01 (0.17) 1.01 0.01 (0.20) 1.01 0.006 
(0.17) 

1.01 

     Gang involvement -0.10 
(0.12) 

-0.10 -0.09 
(0.12) 

0.91 -0.06 
(0.12) 

0.94 -0.11 
(0.15) 

0.90 -0.09 
(0.12) 

0.91 

Network measures           

     Degree centrality† - - 0.24 (0.33) 1.27 - - - - - - 

     Betweenness centrality† - - - - 0.92 
(0.26)* 

2.52* - - - - 

     Density† - - - - - - -0.04 
(0.32) 

0.96 - - 

     Effective size† - - - - - - - - 0.201 
(0.332) 

1.22 

Model fit            

Log likelihood -1467.48 -1466.39 -1437.60 -758.42 -1466.71 

Significance 0.59 0.62 0.014* 0.52 0.66 
†denotes age-adjusted measures. *p < 0.05. 
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Table A.4. Logistic Regression Quadratic Assignment Procedure (LR-QAP)  models predicting serious victimization 
across offenders.  

 Co-offending network (n = 46)  
Model 1 Model 2 Model 3 Model 4 Model 5  
b (SD) OR b (SD) OR b (SD) OR b (SD) OR b (SD) OR 

Intercept 1.08 2.94 0.47 1.61 1.28 3.61 1.14 3.13 0.98 2.66 

Control variables           

     Gender -0.62 
(1.02) 

0.54 -0.61 
(1.02) 

0.54 -0.68 
(1.03) 

0.51 -0.63 
(1.03) 

0.53 -0.61 
(1.03) 

0.54 

     Ethnicity -0.13 
(0.33) 

0.88 -0.13 
(0.33) 

0.88 -0.15 
(0.33) 

0.86 -0.17 
(0.35) 

0.84 -0.12 
(0.33) 

0.88 

     Gang involvement -0.02 
(0.15) 

0.98 -0.00 
(0.15) 

1.00 -0.02 
(0.15) 

0.98 -0.01 
(0.15) 

0.99 -0.02 
(0.15) 

0.98 

Network measures           

     Degree centrality† - - 0.82 
(0.58) 

2.26 - - - - - - 

     Betweenness centrality† - - - - -0.29 
(0.43) 

-0.29 - - - - 

     Density† - - - - - - -0.17 
(0.46) 

0.85 - - 

     Effective size† - - - - - - - - 0.13 (0.54) 1.14 

Model fit            

Log likelihood -664.18 -659.30 -661.18 -573.60 -664.03 

Significance 0.91 0.66 0.89 0.83 0.97 
†denotes age-adjusted measures. *p < 0.05. 
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Table A.5. Logistic Regression Quadratic Assignment Procedure (LR-QAP)  models predicting serious victimization 
across offenders.  

 Community network (n = 48)  
Model 1 Model 2 Model 3 Model 4 Model 5  
b (SD) OR b (SD) OR b (SD) OR b (SD) OR b (SD) OR 

Intercept 0.09 1.09 -0.56 0.57 -0.02 0.98 0.65 1.91 3.93 50.71 

Control variables           

     Gender 0.52 
(0.73) 

1.68 0.55 
(0.74) 

1.74 0.54 
(0.74) 

1.71 0.04 
(0.77) 

1.04 0.49 (0.73) 1.64 

     Ethnicity -0.17 
(0.26) 

0.85 -0.19 
(0.26) 

0.83 -0.17 
(0.26) 

0.85 -0.28 
(0.30) 

0.76 -0.19 
(0.26) 

0.83 

     Gang involvement 0.05 
(0.15) 

1.05 0.05 
(0.15) 

1.06 0.05 
(0.15) 

1.05 -0.03 
(0.16) 

0.97 0.06 (0.15) 1.06 

Network measures           

     Degree centrality† - - 0.88 
(0.60) 

2.42 - - - - - - 

     Betweenness centrality† - - - - 0.16 
(0.46) 

1.17 - - - - 

     Density† - - - - - - -0.34 
(0.48) 

0.71 - - 

     Effective size† - - - - - - - - -3.87 
(5.40) 

0.02 

Model fit            

Log likelihood -652.57 -646.68 -652.27 -498.44 -650.53 

Significance 0.48 0.33 0.59 0.64 0.56 
†denotes age-adjusted measures. *p < 0.05. 
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Table A.6. Logistic Regression Quadratic Assignment Procedure (LR-QAP)  models predicting serious victimization 
across offenders. 

 Prison network (n = 84)  
Model 1 Model 2 Model 3 Model 4 Model 5  
b (SD) OR b (SD) OR b (SD) OR b (SD) OR b (SD) OR 

Intercept 0.61 1.84 0.43  1.54 0.50 1.65 0.57 1.77 0.41 1.504 

Control variables           

     Gender -0.46 
(0.47) 

0.63 -0.52 
(0.47) 

0.59 -0.61 
(0.47) 

0.55 -0.52 
(0.11) 

0.95 -0.53 
(0.47) 

0.59 

     Ethnicity 0.11 
(0.13) 

1.11 0.11 (0.13) 1.12 0.10 
(0.13) 

1.11 0.07 (0.13) 1.07 0.11 (0.13) 1.12 

     Gang involvement -0.07 
(0.93) 

0.10 -0.06 
(0.10) 

0.94 -0.06 
(0.10) 

0.95 -0.05 
(0.11) 

0.95 -0.06 
(0.10) 

0.94 

Network measures           

     Degree centrality† - - 0.42 (0.20) 1.52 - - - - - - 

     Betweenness centrality† - - - - 0.55 
(0.21) 

1.73 - - - - 

     Density† - - - - - - 0.89 
(0.24)* 

2.43* - - 

     Effective size† - - - - - - - - 0.47 (0.20) 1.59 

Model fit            

Log likelihood -2010.16 -2003.92 -1980.71 -1554.13 -2002.30 

Significance 0.57 0.34 0.14 0.049* 0.29 
†denotes age-adjusted measures. *p < 0.05. 

 


