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ABSTRACT

The goal of this study is to present and validate a simple method for accounting for peer selection on offending based on a respondent’s self-reported preferences for friends who engage in criminal behavior. Using primary panel data (n=611), having a preference for peers who offend (the measure of peer selection) relates positively and significantly to offending behavior. The selection measure, which carries the advantage of being closely aligned to criminological theory, renders the peer offending / personal offending relationship nonsignificant.  Our selection variables also outperform a more traditional means of capturing peer selection effects.


Despite being one of the strongest and most consistent correlates of crime, there is considerable debate regarding the mechanism driving the significant and positive relationship between peer offending and individual offending. The selection argument presented by the Gluecks (1950:164) describes this relationship as being one where peers select into friendships with like-minded individuals by arguing that “birds of a feather flock together.” The selection perspective of the Gluecks and others (e.g., Gottfredson and Hirschi 1990) contrasts with common interpretations of Sutherland’s (1947) differential association theory and Burgess and Akers’ (1966) social learning theory, both of which depict the peer influence mechanism as learning behaviors and definitions from deviant others. The accumulation of evidence supporting both sides of the debate has led many scholars to accept the idea that both selection and influence drive the peer/personal offending relationship (e.g., Gallupe, McLevey, and Brown 2018; Matsueda and Anderson 1998; McGloin and Shermer 2009; cf. Boman 2017; Young 2011). 
Regardless of whether one more closely adheres to the selection or socialization perspective, disentangling the selection and socialization effects in statistical models is challenging. Among the more serious difficulties is specifying models that avoid misspecification bias. One of the long-established methods for measuring peer selection effects in panel data is to covary a lagged measure of the dependent variable. In addition to controlling for a person’s prior behavioral patterns, lagged offending measures should also account for peer selection since the peer selection process was itself driven by deviance in the first place (Glueck and Glueck 1950; Gottfredson and Hirschi 1990; Hirschi 1969). At the same time, however, research has established that the use of a lagged outcome measure carries the risk of introducing serious bias into the majority of commonly used statistical models (particularly single-level regression and mixed-effects models; see Allison 2015). Accordingly, researchers trying to control for peer selection effects by using lagged outcomes as predictors are left between the proverbial ‘rock and a hard place’ since it is theoretically and substantively important to control for selection but, in the absence of social network data, there is no established way of doing so outside of using a lagged dependent variable.
To address these concerns, we propose a unique approach to accounting for peer selection that relies on asking participants about their preference for establishing friendships with similar others. Using a new data collection, we attempt to validate this method as a means of accounting for peer selection in ‘normal’ (non-network) datasets.  Carrying the advantage of being easily implemented in standard survey research, our approach has the potential to establish a basic standard for accounting for peer selection effects that is badly needed in the research. Prior to discussing specifics, however, we proceed by reviewing the theoretical perspectives, evidence, and statistical techniques underlying the peer socialization and selection processes.  

SOCIALIZATION AND SELECTION IN THEORY
At the heart of the peer socialization versus peer selection arguments lie an ongoing and fundamental disagreement between the learning perspectives of Sutherland (1947) and Burgess and Akers (1966) and the control perspective of Gottfredson and Hirschi (1990). Despite both the social learning (see Pratt et al. 2010) and self-control (see Pratt and Cullen 2000) perspectives receiving empirical support in the literature, they propose very different reasons for why peers ‘matter’ for crime. The socialization perspective of Akers (2009; Burgess and Akers 1966) relies on the assumption that peers are important for behavior because they learn definitions favorable to deviant or non-deviant behavior from peers and friends. Thus, friendships form prior to the influence of peers becoming meaningful for one’s own behavior. Drawing heavily from the Gluecks’ (1950:163) finding that 98% of delinquents had delinquent friends compared to only 7% of non-delinquents, Gottfredson and Hirschi (1990) instead state that people do not learn deviance from friends; rather, people select into friendships with others who behave like they do themselves. Accordingly, the selection perspective hypothesizes that deviance occurs prior to the formation of friendships.  
The socialization perspective has historically (see Pratt et al. 2010; Warr 2002) and contemporaneously (Dijkstra et al. 2010; McGloin and Shermer 2009; Rebellon 2012) received a substantial amount of support. While people do not appear to select into friendships based on their levels of self-control (Boman 2017; Young 2011), a newer line of research establishes that selection based on behavior is also occurring. Recently, de la Haye et al. (2013) found that the friendship choices of adolescents were partly a product of similarity on marijuana use. Similarly, Rokven et al. (2016) highlighted the similarity in offending among newly selected friends in their sample of Dutch adults and late adolescents. Furthermore, evidence also suggests that friends are rather similar to one another (e.g., Kandel 1978; McPherson, Smith-Lovin, and Cook 2001), a finding which anecdotally also supports the selection argument since it suggests an inherent level of similarity among people who flock together. Accordingly, it appears that selection is occurring in the beginning of friendships and people learn from their friends once the relationship is established (e.g., Osgood, Feinberg, and Ragan 2015).
While the socialization literature has seen considerable debate about how to measure differential association (e.g., Boman, Rebellon, and Meldrum 2016; Meldrum and Boman 2013; Rebellon and Modecki 2014; Weerman and Smeenk 2005; Young et al. 2014), a discussion of such a magnitude has yet to occur in the context of how to empirically capture selection. The notion of selection is not a peripheral concept – instead, it is central to the self-control construct (Gottfredson and Hirschi 1990) and the tension between social learning and self-control theories (see Akers 2009:55-56 and 87-88). It is a relatively elementary principle that controlling for an important theoretical construct is necessary in a wide range of applications. Despite this, criminologists lack a ‘go-to’ way of controlling for peer selection in everyday research – a point this study seeks to correct.

METHODOLOGICAL APPROACHES TO CAPTURING SELECTION MECHANISMS
Despite lacking the current capacity of capturing peer selection in everyday, non-network research, some studies based on social network analysis have been successful at capturing selection processes. Steglich, Snijders, and Pearson (2010) described several social network-based methods to capture peer selection, including the contingency table and cross-lagged structural equation model (SEM) approaches. The first of the two, the contingency table approach, is centrally based in bivariate correlative statistics.  Kandel (1978) used the contingency table approach to examine behavioral similarity in adolescent best friend dyads among pairs who remained friends over time, ended their friendship, or started a new friendship. This allowed for the estimation of peer influence by examining whether behavioral similarity increases over time among stable pairs of friends; selection effects were estimated by examining the extent to which friendships were made among people with previously existing behavioral similarity. As such, the contingency table approach – while informative – is largely descriptive and bivariate in nature. Given the many factors which are routinely in play for the peer networks and offending patterns of people, a more rigorous multivariate approach is likely a preferred method.   
Going beyond the contingency table approach, the cross-lagged SEM technique provides for such an approach (see Matsueda and Anderson 1998). In a cross-lagged SEM, selection can be accounted for in two ways. First, peer behavior (regardless of how it is measured; see Young et al. 2014) at time one can be used to predict personal behavior at time two (evidence for influence) while at the same time using personal behavior at time one to predict peer behavior at time two (evidence for selection). A significant, positive relationship between earlier offending behavior and later peer behavior is taken as evidence for peer selection because people with higher levels of offending are more likely to become friends with other people who also offend at higher rates (e.g., Krohn et al. 1996; Matsueda and Anderson 1998). Second, selection is also routinely captured in the cross-lagged SEM approach via the use of lagged dependent variables, or measures of the outcome which occur at an earlier point in time. While lagged outcomes are routinely included in models to account for the fact that “one of the best predictors of what happens at time t is what happened at time t-1” (Allison 2015:1), they also capture mechanisms of peer selection because the lagged outcome accounts for essentially all unmeasured factors – including peer selection – that might be related to the outcome (see Haynie and Osgood 2005).  
Though these methods are two common ways to assess selection, both have issues. The contingency table approach does not provide a multivariate assessment of selection dynamics. Thus, its primary value is as an exploratory tool for understanding general patterns pertaining to selection rather than predicting how selection impacts offending. The first cross-lagged SEM approach – which uses predictive pathways from past offending to current peer behavior – is limited because it does not pin down the precise way that selection is occurring. That is, it models the relationship between past self-reported behavior and future peer behavior without definitively determining whether the prior measure of behavior is the cause of later peer delinquency. Furthermore, it is well understood that behavior and peer behavior are correlated despite which measure is treated as exogenous (e.g., Pratt and Cullen 2000; Pratt et al. 2010). The second cross-lagged approach – using the lagged outcome – is equally imprecise. While the prior measure of behavior should capture any selection processes which may have initially caused the behavior, it should also capture all the other causes of the behavior (like self-control, opportunity, strain, labels, etc.). It is also well recognized that lagged outcomes impact the validity of standard errors (Achen 2001; Allison 2015; Haynie and Osgood 2005; see also Nijhof et al. 2010) because they introduce independence violations. While this violation of a basic assumption of regression is circumventable with cross-lagged SEMs due to recent developments in the use of cross-lagged dynamic panel data models (see Allison, Williams, and Moral-Benito 2018; Boman and Mowen 2018; Mowen, Stansfield, and Boman 2017; Williams, Allison, and Moral-Benito 2018), it does little to fix the severe imprecision in using lagged outcomes as a valid means of capturing peer selection preferences. 
There is, however, an approach that gets around the above issues. Stochastic actor-oriented models (SAOMs) were developed with the goal of simultaneously testing selection and influence processes in conceptually and mathematically valid ways. Used in panel social network data, SAOMs are based in Markov Chain algorithms and assume that network ties and behavior are the product of both network and individual characteristics (Steglich et al. 2010:355). The difference in the network composition over time is modeled through a large number of simulations (“micro steps”; Steglich, Snijders, and West 2006:49) in which one actor may change a tie or behavior at a given step (for more extensive overviews, see Snijders, van de Bunt, and Steglich 2010; Steglich et al. 2010). Since SAOMs can address both influence and selection processes (while controlling for the effect of the other) without violating key model assumptions, they currently offer the most methodologically rigorous approach to testing criminological selection effects (for an alternative, see research on temporal exponential random graph models [Leifeld, Cranmer, and Desmarais 2018] and concerns about their validity [Block et al. 2017]).
Research using the SAOM approach in the context of selection has tended to show that people do select peers partly on the basis of similarity in offending (e.g., Osgood et al. 2015; Turanovic and Young 2016). Despite the value of the technique, however, SAOMs have their own set of limitations. First, SAOMs require longitudinal panel data on social networks, which tends to be quite expensive. Second, the analysis of social network data is a specialized skill that is not nearly as common as training in standard survey research and regression-based statistical modeling. Third, SAOMs are primarily intended for relatively small, closed networks, meaning they are even more difficult to use with representative samples. Given the inherent difficulties associated with this technique and access to data, it would be beneficial if criminologists had a means of capturing selection in non-network data using widely available analytical techniques.  

A NEW APPROACH TO CAPTURING SELECTION
We propose a new approach to accounting for peer selection. Our technique carries the benefit of being easy to implement, straightforward to analyze, and is designed for use in conventional, non-network datasets.  Our approach differs from previous approaches in that our proposed selection measure does not involve any indicators of behavior but rather relies on the friendship preferences that underlie peer selection. We start with two assumptions. First, we assume that preferences for certain ‘types’ of friends results in a person selecting friends with those characteristics. Second, we assume that friendship preferences are the most direct cause of friendship ties. These preferences may be constrained by propinquity, which is itself a product of a variety of social structural characteristics (e.g., socioeconomic status). Further, preferences for friends are likely to be shaped by one’s social location and exposure to the specific prevailing norms contained within the broader social order. While explaining why people hold the friendship preferences that they do is certainly a worthy topic of examination, it is not critical if the goal is a properly specified statistical model that partials out the effect of peer selection from peer influence. 
If preferences do in fact precede tie formation, then preferring friends who offend at higher levels acts as a measure of peer selection on offending. It is therefore sufficient to ask survey respondents to rate their agreement on a Likert-type scale with the statement: “Given the choice, I would rather hang out with people who [act]” (specific acts listed in a forthcoming section). Since these items relate to preferences, they are not dependent upon reports by others within the same network, thus making these items more translatable to non-network data collection efforts in criminology. By capturing peer selection based on individual behaviors, multiple preference items can be summed to capture a broader preference for deviant friends. The variables or scales that are derived from these measures can be used in standard regression-based analyses which eliminates the need for social network data to examine peer selection. Since friendship selection preferences also closely adhere to the perspective of Gottfredson and Hirschi (1990), this approach is theoretically derived and thus improves on the imprecision of the two cross-lagged SEM approaches to capturing peer selection. 
Accounting for peer selection in this way has the capacity to falsify social learning theory if it renders the independent relationship between differential association and crime nonsignificant. While our approach aligns closely with the control perspective (Gottfredson and Hirschi 1990), it should be noted that this technique is also quite congruent with Akers’ (2009) views on the relevance of both peer influence and selection. As Akers discusses (pp. 55-56; 87-88), there is nothing about the peer selection argument that inherently undermines the social learning process. If Akers’ take on selection and socialization is right, the two processes should form a feedback loop in a way where people learn and continue to offend according to social learning principles but higher-level offenders tend to become attractive (and attracted) to other offenders. In other words, this perspective satisfies the conditions of self-control theory while also satisfying Akers’ statement that “a peer ‘socialization’ and a peer ‘selection’ process in deviant behavior are not mutually exclusive, but are simply the social learning process operating at different times” (2009:56).  While we lack the capacity in this study to sort out the reciprocal nature of the relationship between influence and selection in any comprehensive fashion, we can present findings from our approach to accounting for peer selection and how it weighs against social learning principles.

CURRENT STUDY
	Using original panel data containing two waves of data of young people living in the Rocky Mountains of the United States, the west coast of the United States, and central Canada, the current project’s broad goal is to develop and validate a measure of peer selection that could easily be incorporated into future research. Using this measure, we also seek to establish whether peer selection 1) explains future criminal involvement and 2) renders the relationship between peer deviance and crime spurious. While we generally believe that selection will be consequential for offending but will not prove the peer deviance – crime relationship spurious, we avoid making specific hypotheses due to peer selection not having been captured in a means similar to this in prior research.  

METHODS
Sample
The two-wave panel sample consists of undergraduate students from two American universities (one in a small Rocky Mountain city, the other in a major southwestern metropolitan area) and one Canadian university (in a central mid-sized city). The use of multiple schools ensured substantial demographic and cultural variability in the sample. Members of the research team recruited participants from classes at the start of the fall 2015 academic semester. Students were asked to fill out the same survey again at the end of the semester (the average lag time was two months). Drawing on prior original data collections which have tested peer-based issues (e.g., Boman et al. 2016; Rebellon and Modecki, 2014), a small academic incentive (extra credit) was offered to enhance participation rates. Of the 1,567 students in the classes in the sampling frame, a total of 758 students participated in the first wave (a participation rate of 48%). Of those, 647 completed the survey at the second wave for a follow up rate of 85%. In total, 611 (81%) of these people provided valid responses with complete data on the lagged and non-lagged dependent variables. Unique identifiers ensured that no student was allowed to participate in the study more than once. Descriptive statistics for the panel sample are presented in Table 1. 
* TABLE 1 ABOUT HERE *
Dependent Variable
Captured during the wave 2 data collection, the dependent variable is offending behavior over the past 30 days. Based on the delinquency scale used in the National Longitudinal Study of Adolescent to Adult Health (see cpc.unc.edu/projects/addhealth), our measure consists of 14 items that measured painting graffiti, causing damage to property, shoplifting, stealing something worth less than $50, stealing something worth more than $50, driving a car without the owner’s permission, stealing from houses/buildings, selling marijuana/other drugs, getting into a serious physical fight, hurting someone badly enough to need bandages or care from a doctor or nurse, using or threatening to use a weapon to get something from someone, taking part in a group fight, pulling a knife/gun on someone, and growing marijuana (for an example of a criminological study using this scale, see Haynie, 2001). 
Following the recommendations of Sweeten (2012), we created a variety index by converting each item from its original metric (1 = ‘no involvement’ to 4 = ‘5 or more times’) into a dichotomy (0 = ‘no involvement’, 1 = ‘1+ times’) and then summing the items. With the short recall period (a product of the short time frame between waves), the large majority of participants reported no offenses (M = 0.15, SD = 0.65, observed range 0-8).1
Independent Variables
The measure of friendship preferences that we developed to address peer selection effects entailed asking the respondent about whether they would prefer to spend time with people who engaged in the same offenses as the dependent variable.  Specifically, 13 items2 asked the respondent “Given the choice, I would rather hang out with people who [act]” (coded 1 = ‘strongly disagree’ to 5 = ‘strongly agree’). These 13 items were summed to create the peer selection scale (M = 17.43, SD = 5.78, observed range 13-65, Cronbach’s alpha = 0.90).3 This measure, which is included as a predictor variable from wave 1, is coded so that higher scores indicate a stronger preference for friends who offend. 
In addition to the peer selection measure adhering to the general philosophy of Gottfredson and Hirschi (1990), there are several reasons as to why this measure should be viewed as a stronger method of accounting for selection effects. First, unlike lagged outcomes, it is not likely to depress the coefficient values of other predictors given its conceptual independence from the outcome variable. Second, it avoids independence violations that are inherent in the most commonly applied regression techniques (see Allison 2015). Third, the scale is Likert-based and can be easily implemented in traditional (i.e., non-social network) surveys, regardless of whether they are cross-sectional or longitudinal. Finally, we believe this method is conceptually precise and therefore provides for one of the cleanest empirical examinations of peer selection versus peer socialization to date. Instead of relying on a lagged dependent variable to capture the effect of peer selection, we believe that having a unique measure provides an upfront and direct way of asking about a person’s preferences in selecting friends. 
Peer offending was captured through a 14-item, perceptual (or ‘indirect’; see Young et al. 2011) measure that asked respondents to report the number of their friends who regularly engage in the same set of 14 offending behaviors used in the outcome measure. All items were measured at wave 1 and on a metric that ranged from 1 (‘no friends commit the act’) to 5 (‘all friends commit the act’). Responses to these items were summed to create an additive scale (M = 16.09, SD = 4.63, observed range 14-66, Cronbach’s alpha = 0.93). 
Self-control was measured using an abbreviated version of the well-known Grasmick scale (Grasmick et al. 1993). This scale involved the summation of eight items following Wikström et al. (2010) (e.g., “I often act on the spur of the moment without stopping to think”; all items coded 1=strongly agree to 4=strongly disagree; M = 24.80, SD = 3.54, observed range 9-32, Cronbach’s alpha = 0.71). Higher scores indicated higher levels of self-control.
We also control for one’s perceptions of deterrence.  A perceptual deterrence scale was created by summing responses to the question “how many times do you think you would get caught if you did [act] on 10 different days?” The same 14 acts included in the offending measure were used (responses to each item were coded 0=never caught to 10=caught every time) (M = 83.74, SD = 34.26, observed range 0-140, Cronbach’s alpha = 0.95). Higher scores meant a greater perceived likelihood of getting caught.
We also covary a measure of morality. Based on Weerman’s (2011) research, this scale was the summed score of the following four items: “it's all right to do something that is illegal now and then, as long as you don't get caught;” “it's all right to lie, if that brings you a lot of money;” “breaking into rich people's houses is not so bad;” “it's alright to steal if you need money” (each coded 1=strongly agree to 5=strongly disagree) (M = 17.35, SD = 2.91, observed range 4-20, Cronbach’s alpha = 0.81).  Higher scores indicated higher levels of morality.
To investigate the relationship between our measure of peer selection and a lagged offending measure, we also used a lagged measure of offending. This measure is identical to the dependent variable but was instead collected at wave 1 (M = 0.20, SD = 0.64, observed range 0-5). This lagged dependent variable is used as a predictor variable.
We also controlled for a number of basic demographic measures at wave 1. Respondents were asked to indicate their age (M = 20.84, SD = 2.87), sex (0 = female, 1 = male; 33% male), and race (0 = non-white, 1 = non-Hispanic white; 57% white). Additionally, we control for grades. Since grades were measured differently for participants at Canadian (0-100 scale) and American (0-4.0 scale) universities, standardized scores relative to others graded on the same scale were used (M = -0.17, SD = 0.97). Finally, socioeconomic status (SES) was measured by asking respondents to indicate “what group you and your family fall into” on a scale in which 1 equals the ‘lowest income group in your country’ and 10 equals the ‘highest income group’ (M = 5.58, SD = 1.84).
Analytical Strategy
To examine our two research questions, we estimated a series of regression models in a model building procedure. The first model was a standard, non-lagged model using wave 1 predictors and a wave 2 outcome. Next, we stage in the lagged measure of offending in model 2 and examined the impacts that the introduction of the lagged outcome had on the standard error and coefficient estimates of the other covariates. Lastly, we replaced the lagged dependent variable with the standalone measure of peer selection in model 3. 
The variety index we used as a dependent variable was significantly skewed right. Accordingly, we used negative binomial models. Since persons in our data also attended different universities, we examined intra-class correlations (ICCs) to determine whether there was a detectable amount of variance at level two. The ICCs indeed demonstrated that a small portion of the variation in the outcome was due to nesting at the school-level (up to 1%). Accordingly, we estimated two-level negative binomial models which included a random intercept to account for school-level variation. 
A total of 611 respondents completed both waves with full data on the dependent variable. To maintain this sample size, minor amounts of missing data on the independent variables (maximum missingness on any variable was 2.95%) were imputed using a Markov-Chain Monte Carlo replication technique with 100 burn-in iterations and 20 random draws. Following the recommendation of von Hippel (2007), we used all cases to impute missing data but then deleted those with missing values on the outcome variable. Multivariate results were combined using Rubin’s rules (Rubin 1987). Unreported models using listwise deletion show similar results to the forthcoming, imputed models.

RESULTS
	Table 2 presents a correlation matrix of measures in the analysis. As expected, a standard social learning theory result holds in that peer offending and personal offending are significantly related (r = 0.27). However, the fact that a preference for offending peers is also related to personal offending (r = 0.24) suggests that the association between peer and personal offending may be contaminated by selection dynamics. Importantly, a preference for peers who offend is also significantly related to peer offending (r = 0.34). Collectively, the bivariate analysis suggests that 1) peer selection and peer socialization and 2) peer selection and offending are related, but distinct, constructs.  
* TABLE 2 ABOUT HERE *
	Table 3 presents the models partialling out the relationship of friendship preferences and peer offending on individual offending while also highlighting the impact of lagged dependent variables. In the first model (the ‘non-lagged’ model), having friends who engage in higher levels of offending is associated with greater involvement in offending behavior (b = 0.04). With the addition of the lagged outcome in the next model (the ‘lagged’ model), the relationship between peer offending and personal offending is reduced to nonsignificance (b = -0.00) as the lagged measure strongly related to offending (b = 0.85). Sex (b = 0.46) and SES (b = -0.10) also became nonsignificant with the introduction of the lagged dependent variable. While coefficient magnitudes increased for three variables (race, grades, and perceptual deterrence), most decreased. The average decrease in coefficient magnitude was 35%. The fact that the coefficient for peer offending was reduced to zero and expected findings such as sex differences in offending did not appear support the idea that lagged outcomes are an overly conservative method of accounting for selection effects.
* TABLE 3 ABOUT HERE *
The third model, the ‘selection’ model, introduces the proxy for selection effects with the variable measuring preference for selecting into friendships with peers who offend. This measure is significantly related to offending (b = 0.04). The direction of the effect demonstrates that people who prefer to associate with peers who offend at high levels tend to be more involved in offending behavior. The inclusion of this measure also reduced the effect of peer offending to nonsignificance (b = 0.02) but the reduction to the coefficient’s magnitude was not nearly as dramatic here (-35.1%) as it was with the inclusion of the lagged outcome (-100.9%). Where sex and SES were rendered nonsignificant by the lagged dependent variable, they both remain significant and of comparable magnitude in the ‘selection’ model. Overall, the inclusion of peer selection as a standalone measure has only marginally impacted the other variables in the model (average % change from ‘non-lagged’ model = -7.6%) as opposed to capturing the peer selection effect via a lagged outcome (average % change from ‘non-lagged’ model = -35.5%).  As such, it appears that using a measure which solely captures the peer selection effect is advantageous as it performs well in models and seems to be related to offending behaviors.

DISCUSSION AND CONCLUSIONS
	In this article, we spelled out a method of accounting for selection of peers based on similarity in offending that relies on self-reported preferences for peers who offend. While methodologically rigorous approaches to accounting for selection effects exist for use with social network data (e.g., Steglich et al. 2006; 2010), addressing selection in more normal, ‘everyday’ datasets have proven considerably more difficult. Given the prevalence of non-network survey approaches to data collection in criminology, the result has been that peer selection has largely been absent from quantitative analyses on the causes of offending despite substantial research literature highlighting its theoretical (e.g., Gottfredson and Hirschi 1990; Hirschi 1969) and empirical (e.g., Haynie, Doogan, and Soller 2014; Jose et al. 2016; Osgood et al. 2015) importance. Studies that have attempted to account for peer selection using non-network data have often employed lagged measures of offending to capture any unmeasured variation including peer selection effects. Lagged outcomes are conceptually imprecise and tend to exert a downward bias in the coefficients of other theoretically relevant variables. We recommend avoiding their use except under certain circumstances (e.g., instrumental variables [see Bollen 2012; Young et al. 2014], actor-partner independence models [see Card, Selig, and Little 2008; Kashy and Kenny 2000; Popp et al. 2008], etc.). With standard panel data and regression techniques and in the absence of a strong theoretical rationale, the value of lagged outcomes to capture selection effects is questionable. Where the goal is simply as a catchall to ensure model trustworthiness, it is doubtful that the problems lagged outcomes introduce outweigh their benefits (see Achen 2001; Allison 2015). 
The significant relationship between peer selection and offending provides evidence that the selection of friends based on similarity in criminal behavior is an important driver of friendship ties. Further, the selection construct accounts for a portion of the variability that was otherwise attributed to peer offending. Given that the measurement of the peer deviance construct was perceptual, this finding is noteworthy. Critics of perceptual measures of peer deviance have routinely discussed that perceptions of peer deviance are, at least to an extent, reflections of one’s own deviant (‘projection;’ e.g., Boman et al. 2012; Young et al. 2011) and non-deviant behavior (Boman and Ward 2014; Boman et al. 2014). Even though some researchers have suggested that measures of peer deviance coming directly from friends’ self-reports may be preferable (e.g., Meldrum and Boman 2013; Young et al. 2014), the use of a measure of peer deviance which is susceptible to projection criticisms may actually be an advantage in the context of this study. Since perceptual measures of peer deviance share a covariance with the dependent variable (the respondent’s self-reported crime), this provided for the most conservative way of testing whether selection mechanisms impact the significance of the peer deviance construct. Perceptual measures of peer deviance are nearly always statistically significant (e.g., see Pratt et al. 2010). However, in this study we have observed that peer selection preferences render the peer offending – crime relationship spurious. Future research must investigate whether this finding holds in other contexts and situations, as this bears directly on both a slew of findings from prior studies as well as the unresolved debate between control (Gottfredson and Hirschi 1990) and learning (Akers 2009) theories.  
Given the support in the network literature for the importance of selection effects as a correlate of offending behavior, analyses on the etiology of offending appear to risk misspecification if selection is omitted. The simplicity of this approach to accounting for selection effects is a major benefit and should allow for its inclusion in any future non-network data collection. Further, it does not even require panel data if we assume relative stability in friendship preferences (a reasonable assumption; the correlation between time 1 and time 2 friendship selection preferences was r = .682, p < .001 FROM sel-06c-selcorr.do). 
Despite serving a valuable theoretical and empirical purpose, our study has limitations. The limited period between waves is likely to have an effect on the measure of offending. By constraining the recall period to behavior over the past 30 days, some participants who appeared here to be non-offenders would have reported some level of offending had a longer recall period been used. The friendship preference measure, however, was a contemporaneous indicator and therefore was not likely to have been altered by a different lag period. Given this, the effect on the relationship between these measures was likely to have been fairly conservative, which – in a way – is beneficial for the validation of a new scale.  However, it is also important to acknowledge that the sample was not particularly large and it was limited to students from only three North American universities. While it is not a general sample or even a particularly criminal sample, it was geographically and socio-demographically diverse and there was variability in the amount of offending reported. Nonetheless, application of the friendship selection scale with different types of samples would contribute to establishing its importance as a covariate that should be controlled in statistical models predicting offending behavior.
In light of the limitations of this study, there are several places where future research should explore. A particularly valuable extension of this research would be to compare friendship selection preferences with actual formation of friendship ties. This raises attention to a key, but yet unanswered, question: Do people who would like to select into deviant peer relationships actually select into such relationships? Additionally, how do friendship selection preferences change once a person selects into various types of friendships? How do such changes in friendship selection preference impact future offending? While a list of questions could continue to be proposed, the bottom line is that criminologists need to begin to routinely employ measures of peer selection like the one used here in research to see how it changes and hones what is known and not known about crime.  
All things considered, the current study’s new technique raises more questions than it answers. While we have validated the theoretical usefulness of a standalone measure of peer selection and have demonstrated its empirical capabilities, the door has been opened for numerous theoretical issues regarding the tension between control (e.g., Gottfredson and Hirschi 1990) and learning theories (e.g., Akers 2009). Given the support in the network literature for the importance of selection effects as a correlate of offending behavior, analyses on the etiology of offending appear to risk misspecification if selection is omitted. The simplicity of our approach to accounting for selection effects is a major benefit and should allow for its inclusion in any future non-network data collection. Despite the advantages of our approach, criminologists must become better versed as to how selection measures like ours are operating in non-network samples.  



NOTES
1 Due the limited variability of the outcome measure, we also constructed a binary dependent variable. Using this measure as the outcome, we performed a similar analysis to the forthcoming one using the Firth correction in conjunction with a logit regression.  The Firth correction is particularly robust to situations where there is limited variability in the dependent variable (sometimes referred to as a ‘rare event;’ see King and Zeng 2001 and Firth 1993). Results were substantively identical to the forthcoming analysis. To retain as valid of a depiction as possible of the dependent variable, we use the count measure discussed in the main text. 
2 Because other items in the scale account for preference for peers who fight, the item asking if people prefer to hang out with others who 'hurt someone badly enough to need bandages or care from a doctor or nurse' was omitted.  



3 We conducted a confirmatory factor analysis to further validate this scale. Since we used identical survey instruments to measure peer preferences, we expected similarity among the responses to the various items. As such, we correlated many of the error terms in order to account for the shared method variance. The model fit the data closely (root mean square error of approximation [RMSEA] = 0.020 [90% CI = 0.000 to 0.034]; Comparative Fit Index [CFI] =0.969; Tucker-Lewis Index [TLI] = 0.951). These values surpass conventional cut points indicative of good model fit (see Hu and Bentler, 1999). 
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Table 1. Descriptive statistics of two wave panel sample (N = 611). From sel-04a-desc.do
	
	Mean
	SD
	Min
	Max

	Offending (DV)
	0.15
	0.65
	0
	8

	Peer selection
	17.43
	5.78
	13
	65

	Peer offending
	16.09
	4.63
	14
	66

	Offending (lagged)
	0.20
	0.64
	0
	5

	Age
	20.84
	2.87
	18
	51

	Male (= 1)
	0.33
	0.47
	0
	1

	White (= 1) 
	0.57
	0.50
	0
	1

	Grades
	-0.17
	0.97
	-3.44
	1.45

	SES
	5.58
	1.84
	1
	10

	Self-control
	24.80
	3.54
	9
	32

	Perceptual deterrence
	83.74
	34.26
	0
	140

	Morality
	17.35
	2.91
	4
	20
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Table 2. Pearson correlation matrix. From sel-04b-corr.do
	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)
	(9)
	(10)
	(11)
	(12)

	(1) Offending (DV)
	1.000
	
	
	
	
	
	
	
	
	
	
	

	(2) Offending (lagged)
	0.553**
	1.000
	
	
	
	
	
	
	
	
	
	

	(3) Peer selection
	0.238**
	0.319**
	1.000
	
	
	
	
	
	
	
	
	

	(4) Peer offending
	0.268**
	0.364**
	0.344**
	1.000
	
	
	
	
	
	
	
	

	(5) Age
	-0.012
	-0.040
	-0.061
	0.080
	1.000
	
	
	
	
	
	
	

	(6) Male (= 1)
	0.171**
	0.196**
	0.101*
	0.139**
	0.148**
	1.000
	
	
	
	
	
	

	(7) White (= 1) 
	-0.040
	0.017
	0.059
	-0.008
	-0.019
	0.020
	1.000
	
	
	
	
	

	(8) Grades
	-0.154**
	-0.127**
	-0.084*
	-0.162**
	0.031
	-0.042
	0.079
	1.000
	
	
	
	

	(9) SES
	-0.061
	-0.041
	0.060
	-0.005
	-0.128**
	-0.057
	0.264**
	-0.017
	1.000
	
	
	

	(10) Self-control
	-0.183**
	-0.221**
	-0.358**
	-0.152**
	0.118**
	-0.154**
	0.040
	0.198**
	-0.055
	1.000
	
	

	(11) Perceptual deterrence
	-0.132**
	-0.174**
	-0.215**
	-0.237**
	0.042
	-0.216**
	-0.074
	0.111**
	-0.044
	0.203**
	1.000
	

	(12) Morality
	-0.251**
	-0.282**
	-0.409**
	-0.237**
	0.063
	-0.152**
	0.042
	0.143**
	-0.018
	0.339**
	0.246**
	1.000


* p ≤ .05   ** p ≤ .01


Table 3. Lagged, non-lagged, and peer selection random intercept negative binomial models predicting offending: Form of b (SE) (N = 611). From sel-05b-models.do
For the purposes of the % change calculation, the coefficient for peer offending in the Lagged model is b=-.0003172 
	
	Non-lagged
	Lagged
	% Δ b mag.a
	Selection

	Offending (lagged)
	--
	0.851**
	--
	--

	
	
	(0.111)
	
	

	Peer selection
	--
	--
	--
	0.043**

	
	
	
	
	(0.017)

	Peer offending
	0.037*
	-0.000
	-100.9
	0.024

	
	(0.015)
	(0.021)
	
	(0.017)

	Age
	-0.023
	0.047
	-304.3
	-0.014

	
	(0.058)
	(0.048)
	
	(0.056)

	Male (= 1)
	0.678*
	0.457
	-32.6
	0.657*

	
	(0.288)
	(0.309)
	
	(0.287)

	White (= 1)
	0.183
	0.196
	7.1
	0.189

	
	(0.282)
	(0.276)
	
	(0.279)

	Grades
	-0.249*
	-0.267*
	7.2
	-0.333**

	
	(0.116)
	(0.116)
	
	(0.119)

	SES
	-0.151*
	-0.103
	-31.8
	-0.164*

	
	(0.073)
	(0.063)
	
	(0.070)

	Self-control
	-0.131**
	-0.095*
	-27.5
	-0.093*

	
	(0.036)
	(0.038)
	
	(0.038)

	Perceptual deterrence
	-0.001
	-0.003
	200.0
	-0.001

	
	(0.004)
	(0.004)
	
	(0.004)

	Morality
	-0.139**
	-0.088*
	-36.7
	-0.128**

	
	(0.035)
	(0.035)
	
	(0.034)

	Intercept
	3.708*
	1.327
	-64.2
	1.897

	
	(1.555)
	(1.400)
	
	(1.753)

	F
	10.45**
	19.56**
	--
	10.59**


* p ≤ .05   ** p ≤ .01
a  Denotes percent change in coefficient magnitude. % Δ b mag. = -100 * (1 – [ b LAGGED / b NON-LAGGED ])


