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Abstract
Purpose Age of onset is one of the strongest predictors of long-term, continuous
offending, with the prognosis worsening with an earlier start. In and of itself,
onset age is just a marker and not a mechanism affecting behavioral trajectories. In
this study, we examine the direct and mediated relationship between age of onset
and other individual and social influences as they jointly affect long-term
offending trajectories.
Methods This study utilizes longitudinal data from the Pathways to Desistance Study
of serious young offenders in two major US cities (n=792). Latent class growth models
are estimated, and then, the direct and mediated impact of onset age in explaining
variation in those trends is tested.
Results A four class model provides the best fit to the data. Analyses indicate that most
of the potential mediators do help to predict most likely class membership. After
accounting for the mediation process, onset age maintains its significant direct effect
on class membership for only the low, no offending class, and there are significant
indirect effects present in the other models.
Conclusions The findings support a mixed perspective on continuity in offending:
age of onset seems to be a marker for high delinquent propensity and related
choices (e.g., association with delinquent peers), which reflects a population
heterogeneity perspective, but it also may be an early link in a chain of causal
mechanisms that increases the likelihood of becoming a serious long-term offend-
er (i.e., state dependence).

Keywords Age of onset . Offending trajectories .Mediation effects . Latent class growth
modeling . Juvenile delinquency . Pathways to desistance

J Dev Life Course Criminology (2015) 1:63–86
DOI 10.1007/s40865-015-0003-4

S. M. Gann (*) : C. J. Sullivan : O. S. Ilchi
School of Criminal Justice, University of Cincinnati, P.O. Box 210389, Cincinnati, OH 45220, USA
e-mail: gannsm@mail.uc.edu



Introduction

As Blumstein et al. [1] argued in the original report on criminal careers, age of onset is
one of the strongest predictors of long-term offending, with a youth’s prognosis
worsening with earlier initiation. Given this knowledge, juvenile risk assessment treats
the onset age indicator as an essential item in evaluating the likelihood of future
offending [2, 3]. Likewise, developmental researchers studying antisocial and criminal
behavior acknowledge this as an important correlate of long-term patterns of behavior
and have made it a central demarcation point in theoretical explanations [4, 5]. While
this knowledge informs the inclination toward early intervention with at-risk youth to
forestall persistent offending over time, in and of itself, age of onset is merely a risk
marker and not a causal factor. This means that the link between age of onset and
persistent offending across developmental stages can paradoxically be considered both
conventional wisdom and a black box in terms of exactly how the mechanics of the
relationship work [6–8].

Despite the abundance of research that examines the relationship between early age
of onset and future offending, researchers have yet to provide a full accounting of its
underlying causal mechanisms [6]. In short, age of onset is often seen as a proxy for
several other factors that are likely to impact child and adolescent development (e.g.,
temperament, cognitive skills), which in turn affect prosocial or antisocial behavior as a
part of persistent individual differences. Still, there are also questions about whether it
plays a more active role in influencing later outcomes in a dynamic state dependence
process.

To better specify how age of onset matters in understanding the development and
persistence of delinquent and criminal behavior, this study utilizes longitudinal data
from the Pathways to Desistance research to examine the relationship between age of
onset and other individual and social influences as they jointly affect long-term
trajectories of offending behavior. Specifically, we consider the direct and mediated
impact of onset age in relation to long-term trends in offending, investigating one of the
key questions in developmental and life-course criminology in the process [9].

Assessing the Role of Onset Age

Although early age of onset has receded somewhat in its prominence as a topic of
interest, it is an area that has generated some insights of broad significance as well as
questions that still await resolution. Much of what is known points to its consistent
association with both later offending patterns and earlier individual and social deficits,
but the unknowns pertain more to (a) whether it affects later behavior and, if so, (b)
how that effect works.

Age of Onset and Developmental Mechanisms

A series of studies by Tolan and colleagues (see [8, 10, 11]) looked at early age of onset
in terms of its correlates and implications for later delinquent behavior. Tolan [10]
studied a sample of 337 boys in middle and high school and found that there were
significant differences in frequency, seriousness, and variety of delinquent behavior
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among early and later starters. He also used discriminant analysis and found that a
combination of individual, school, family, and demographic variables was useful in
distinguishing onset groups; family functioning and academic performance and behav-
ior were among the primary discriminating factors. He concluded that early onset has
an impact on later behavior, but this may reflect continuity in childhood risk rather than
a causal effect (i.e., population heterogeneity).

Nagin and Farrington [12] assessed the notion of population heterogeneity effects,
which were prominently featured in works by Gottfredson and Hirschi [13] and Wilson
and Herrnstein [14], as relates to early onset and later offending. In particular, they
studied the role of static versus dynamic explanations for chronic offending. A theory
drawing on population heterogeneity effects asserts that later variables will not have
much impact on behavior beyond enduring individual differences (i.e., early starters are
just those more crime prone to begin with; [15, 16]). Using data from the Cambridge
Study on Delinquent Development (CSDD), Nagin and Farrington [12] specified a
multivariate regression model to determine whether the effect of early onset on later
behavior remains significant after controlling for stable between-individual differences.
They also assessed the degree to which key covariates from the individual (e.g.,
psychological history) and social (e.g., parental supervision) domains had differential
effects on the onset and continuance of delinquent behavior. They found that a
statistical model that controlled for population heterogeneity rendered the coefficient
estimate for early onset nonsignificant, implying that there was no causal impact. But,
in other multivariate analyses, they found that the determinants of continued offending
and its onset differed. While the former finding suggests that early onset is a marker of
population heterogeneity rather than a causal factor, the latter suggests that fully
explaining delinquency over time requires a developmental explanation accounting
for dynamic factors.

A later study by Tolan and Thomas [8] looked at that particular issue in more depth.
They found that early starters tend to have greater frequency, seriousness, and chro-
nicity of offending later on in adolescence, but, like Nagin and Farrington [12], they
also suggest that the important question is whether early onset has a causal impact on
later offending or is just a marker of an antisocial disposition. Their study used five
waves of National Youth Survey data and defined “early onset” (EO) as self-reported
offending at age 12 or earlier. The analysis showed that the EO group had more serious
offending patterns and also more chronic offending over the observed time window.
Their multivariate analysis also found that psychosocial indicators remained statistical-
ly significant in predicting those later offending patterns after controlling for EO and
that age of onset had an independent, additive impact on later offending. This implies
that it was not simply acting as a stand-in for those early psychosocial risk factors.
Tolan and Thomas [8] concluded that onset age is not simply a part of an unfolding
trajectory and suggest testing possible mechanisms connecting early onset to later
behavior patterns.

Although there have been fewer studies on this question recently, Bacon et al. [6]
used data from the 1958 Philadelphia Cohort Study to examine whether the population
heterogeneity or state dependence perspective more adequately explains the relation-
ship between age of onset and future offending. Their preliminary results replicate the
common finding that age of onset is significantly and negatively associated with future
offending. However, when the authors controlled for unobserved criminal propensity,
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although the relationship between age of onset and future offending remained
(supporting state dependence perspectives), they found that boys whose first contact
with the police occurred later in adolescence (i.e., a late age of onset) were at an
increased risk of future offending. This unexpected finding led Bacon and colleagues to
emphasize the importance of further research examining the complexities of the
relationship between onset age and later offending.1

Theory and Early Onset

What is known to date suggests that early age of onset can be an important indicator in
assessing the possibility of long-term offending and directing prevention efforts.
Furthermore, early onset is undoubtedly associated with a number of other influences
on offending. Still, it is important to move past this general associative relationship to
one that is more sensitive to the mechanisms that might be generating the observed
offending trajectories [17]. Some theoretical perspectives on the development of anti-
social behavior suggest that early problems, or markers for them like age of onset, will
be useful in understanding mechanisms underlying delinquent and criminal behavior.
“Launch” and “cascade” theories, for example, suggest that long-term behavioral
patterns will be impacted considerably by antecedent factors [18, 19]. Moffitt’s devel-
opmental taxonomy [5] and Lahey et al. [4] integrated perspective also provide a sense
of intervening factors that might connect an early age of onset to long-term offending.

The “launch” perspective proposes that, beyond their immediate effects, early risk
factors have an influence that carries forward to later behavioral trajectories [19, 20]. In
the context of onset age, its propositions would suggest that there are direct effects on
both short- and long-term behavioral trends. Though similar in terms of anticipated
outcome, a launch perspective differs somewhat from a population heterogeneity model
in that it suggests a linkage between a causal antecedent and the later offending
trajectory. A population heterogeneity perspective often sees that earlier indicator as a
marker of the same underlying propensity driving the offending trajectory. The launch
perspective is most similar to a pure population heterogeneity perspective in that it is
expected that the earlier influence will set a course that is impervious to shifts in later
environmental circumstances [20]. More recently, Blokland and Nieuwbeerta [21]
identified a process of “continuous change” and stated that criminal involvement can
be predicted by higher levels of past criminal involvement. In this sense, while the
direct effect of age of onset itself might be short-lived, it can lead to long-term
offending by starting a process of stability at an earlier age.

The cascade theory proposes that early behavioral problems, which may be associ-
ated with precocious delinquency, impact later developmental trends through a series of
chain reactions linking early deficits to problems in early childhood development (e.g.,

1 The studies by Tolan and colleagues and Nagin and Farrington that did not find a state dependence effect
used self-report data, while the study by Bacon and colleagues that did find such an effect used official data.
These differences in data sources may capture slightly different mechanisms as far as the relationship between
past and future offending in that one taps more specifically into an individual’s reported behavior and the other
also captures societal reaction to that behavior. It could be argued that for self-reported onset that did not lead
to juvenile justice system involvement, the indirect effects on future offending might be less severe.
Conversely, when onset is measured by official contact with the system, the effects on future offending
may be due in part to the official reaction to the offense rather than the offense itself.
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parental deficits to child conduct problems) that in turn block development of cognitive
and social skills. This ultimately manifests itself in behavioral problems in adolescence
and beyond [18]. Similarly, embedded within the discussion of state dependence and
population heterogeneity perspectives is the concept of “inertia,” described by Nagin
and Paternoster [15] as “the idea that delinquent involvement is determined not only by
an individual’s current social circumstances and state of mind but also by prior levels of
those influences” (p. 179). Like dominoes falling, youths’ early problems have conse-
quences that play out over years and across domains.

Probably the most prominent perspective related to the long-term implications of age
of onset is the developmental taxonomy of antisocial behavior proposed by Moffitt [5].
In Moffitt’s taxonomy, age of onset can be viewed as an important diagnostic factor
distinguishing “life-course-persistent” offenders from those whose antisocial behavior
is “adolescence-limited.” In that sense, those youth with earlier ages of onset are likely
to carry far more pronounced risk profiles, which have accumulated since infancy or
even prenatally. Consequently, in a given sample of delinquents, those with earlier ages
of onset are more likely to be those who will continue offending well into the future. Of
note, she suggests that there is a cumulative continuity in early problems and their
manifestation (e.g., early contact with the juvenile justice system), which serve to limit
the opportunities for youth to develop prosocial skills and ultimately leave antisocial
behavior behind. This is also compatible with the narrowing of life chances and
cumulative consequences inherent in Sampson and Laub’s [22] age-graded social
control perspective.

In their integrative model of the development of antisocial behavior, Lahey et al. [4],
like Moffitt, present age of onset as a central element in that the strength of the various
causal factors of antisocial behavior—antisocial propensity and environmental fac-
tors—varies depending on when youth begin such behavior. They argue that for those
with an early age of onset, antisocial propensity is the result of factors like temperament
and cognitive ability “that are transformed into antisocial behavior through successive
transactions with the social experiment” (p. 672). However, the causal import of these
influences decreases as age of onset increases as, in those cases, environmental factors
such as peers become more salient.

Age of Onset and Essential Risk Factors

In considering these perspectives on how age of onset may figure into long-term
patterns of offending, it is essential to look at the specific developmental factors that
might be impacted by variation in onset age. The Study Group on Very Young
Offenders examined numerous risk factors and social, psychological, and criminal
outcomes for young offenders whose offending behavior began before age 13 [23].
Among their most important findings were that (1) early and persistent offending
denied youths the opportunity to learn prosocial behaviors; (2) persistent offending
led to poor relationships with relatives, peers, and employers; (3) early onset offending
led to low interest and motivation in school, resulting in an increased chance of
dropping out; and (4) early onset offenders have a greater risk of becoming addicted
to illicit substances. The authors conclude that early onset offenders whose delinquent
behavior persists through adolescence experience “cumulative and cascading negative
consequences for a person’s life” ([23], p. 746). In other words, factors such as those
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identified by the study group may each serve as a mediating factor in the relationship
between age of onset and long-term offending trajectories.

Together, the theoretical frameworks and previous analysis of risk factors suggest
some reason(s) why further consideration of the mechanism surrounding the link
between the age of onset of offending and its long-term course is valuable. They also
lend some insight into possible ways that age of onset may be viewed in a model of
long-term offending.

The Current Study

Despite the role of early onset as part of some continuous pattern of behavior, Nagin
and Farrington [12] and Tolan and Thomas [8] indicate that developmental theories
may be important in considering connections between that status and later offending.
Patterson et al. [7] mention the importance of accounting for both consequences of
early onset and later effects—while also considering enduring differences that may be
apparent in childhood and adolescence (i.e., population heterogeneity). This raises an
important point in that much of the previous literature seems to consider the factors
expected to lead up to/or occur alongside early onset, but there is not as much work that
takes that status and then moves forward to investigate what happens thereafter. Tolan
and Thomas [8], for example, use terms like “spurs on later involvement” (p. 176) or
“boosting” (p. 179) to hypothesize how early onset might affect later behavior. In
developmental terms, there is evidence to suggest that early onset might matter beyond
its role as a marker of persistent heterogeneity and that there is a need to understand the
“transactional” effects of early onset, psychosocial factors, and later offending patterns.
This is particularly relevant for a population of serious delinquents as understanding the
processes that lead to more or less extensive patterns of offending as they play out with
these youth is important for assessing theoretical mechanisms relevant to developmen-
tal and life-course criminology and informing intervention.

The current study investigates the ramifications of early age of onset on long-term
offending trajectories—while elaborating some keymechanism that connect the former to
the latter. According to Tolan and Thomas [8], the central question in this area is whether
“onset or previous criminal behavior influences individual and other psychosocial char-
acteristics that then, in turn, increase subsequent involvement level.” Here that “involve-
ment level” is captured by developmental trajectories of offending behavior [24] coupled
with a mediation analysis of key covariates [25, 26]. We focus on three research
questions (see Fig. 1 for our conceptual model). First, is age of onset associated with
membership in groups estimated from longitudinal offending trends? Here, we expect a
negative relationship between age of onset and groups with chronic and/or frequent
offending patterns. Second, is age of onset associated with key individual and social
influences? Based on the previous literature, we expect that such associations do exist.
Third, is the relationship between age of onset and trajectory group mediated in ways that
suggest it has an influence beyond its status as a risk marker? The expectation is that there
will be some mediating effects consistent with state dependence mechanisms. The
previous literature and acknowledgment of a mixed perspective on continuity in
offending (see [16]) suggest that a direct effect will likely remain, however. As seen in
Fig. 1, we expect age of onset to have a direct effect on trajectory groupmembership (and
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thus, long-term offending patterns), as well as an indirect effect on group membership
and offending patterns via key mediating variables.

Methods

To address these questions, we use data from the Pathways to Desistance (Pathways)
study, a longitudinal investigation of serious offenders transitioning from adolescence
to young adulthood. Participants in the Pathways study are adolescents who were found
guilty of a serious offense (almost entirely felony offenses) in Maricopa County, AZ or
Philadelphia County, PA. These youth were ages 14 to 17 at the time of the study index
offense. A total of 1,354 adolescents were enrolled in the study initially, representing
approximately one in three adolescents adjudicated in each locale during the recruit-
ment period (November 2000 through January 2003). The sample was predominately
minority (41.3 % African American, 33.5 % Hispanic) and male (86.4 %).

The data comprise extensive individual and social history interviews over ten waves
spread across 84 months.2 The extensive individual and social histories of the Pathways
study participants allowed for varied measures of early onset, a lengthy follow-up to
observe offending trajectories, and a host of relevant variables that might be part of a
state dependence process linking onset age with later continuity in offending. The
analytic sample for this study comprises 792 males who had data on at least 70 % of the
possible assessments. These sample restrictions (removing females, restrictions on
complete assessments) were imposed to have these analyses correspond as closely as
possible to previous studies using Pathways data (see [29]). We also compress the

Fig. 1 Conceptual model

2 Information regarding the rationale and overall design of the study can be found in Mulvey et al. [27], while
details regarding recruitment, the full sample, and the study methodology are discussed in Schubert et al. [28].
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follow-up periods that were 6 months long into yearly windows (6 and 12, 18 and 24, and
30 and 36months) to be consistent with the approach taken in previous research (e.g., [30]).

Dependent Variable

At each wave, the respondents were asked a series of questions about the types of
offenses they may have committed during the recall period. At the first wave, they were
asked to report their offending over the previous year. The respondents answered
questions about 22 types of offenses, including destroying/damaging property, burglary,
shoplifting, drug dealing, drunk driving, rape, murder, robbery, and fighting. Similar to
previous research with the Pathways data (see [29, 31]), we compiled the responses to
create a variety score of self-reported offending that ranges from 0 to 22 for each
respondent at each wave. This method distinguishes the most serious offenders from
the least serious offenders and allows us to study the variation in offending over time.
Prior research has found that variety scores are a valid and reliable way of measuring
offending and hold advantages over frequency scores or dichotomies [32, 33].

Independent Variables

Exposure Time

Given the possible differences in identified trajectory patterns for offenders when
considering time spent in the community [34], we incorporate a measure of “exposure
time” in a given year as a time-varying control in the model. We measure this as the
proportion of the recall period that the respondents spent outside of secure correctional
facilities. Respondents who spend a larger proportion of the recall periods outside of
secure facilities will have more opportunities to offend.

Age of Onset

At the first wave, when each respondent answered the self-reported offending ques-
tions, they were also asked to report the age at which they first committed that offense.
We use the youngest self-reported offense by each respondent to denote their age of
onset. Respondents who committed their first offense at the age of 9 or younger were
coded as “9” in the original data set so we keep that measurement scheme. This variable
ranges from 9 to 17 with a mean of 10.3 and a standard deviation of 1.7. Comparing
this to the mean baseline age of the respondents (16), it appears that most of the
respondents began engaging in delinquent behavior several years before the study
began. The difference between the age at the initial point in this analysis and the
reported onset age was fairly substantial (Mean=6.2; std dev=1.98 years), indicating
some degree of temporal order.3 Past studies of age of onset have found that future
offending is related to both official records (e.g., [35, 36]) and self-reported measures
(e.g. [8, 10]) of age of onset. However, past research has also defined onset through the

3 Only one case had a difference of zero and just 17 had a difference of 1 year between the self-reported age of
onset and their baseline age. Although imperfect, this implies that, generally, the index offense for this study
was not the same as the subject’s first offense. Moreover, there appears to be some separation between that
self-reported onset and the initial observation point for the baseline offense and covariate data.
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age when youths display conduct problems, which would typically occur before an act
of delinquency or contact with the system [18].4

Mediator Variables

Given our desire to understand the possible linkages between early onset and later
offending trajectories, we consider several covariates that may (a) have an effect on
subsequent delinquency and (b) perhaps be influenced by whether a youth engaged in
delinquent behavior earlier or later. Each of the covariates is measured at the first point
of contact with respondents.

Domains of Social Support

The Pathways researchers asked a series of questions about the amount of social support
respondents received from their families. The respondents were asked if there were any
adults in their families that they could talk to if they needed advice, go to if they had
troubles at home, tell about awards or accomplishments, discuss important decisions with,
or depend on for help. In addition, respondents were asked if there were any adults in their
family that cared about them or were their role models. Each domain of social support was
scored as a “1” if the respondent reported having an adult family member who fit that
description. We use the total number of domains of social support from adult family
members as an early onset of antisocial behavior might attenuate familial relationships.
This measure ranges from 0 to 8 with a mean of 6.2 and a standard deviation of 2.

Perceptions of Procedural Justice

Each respondent was presented a series of statements about their views on procedural
justice and system legitimacy and were asked to report their level of agreement. These
items were coded on a four-point Likert scale (1 = strongly disagree to 4 = strongly
agree). System legitimacy, which is the mean of 11 items, captures respondents’ belief
in the system and whether they feel that people should support its actors (α=0.80). This
measure has a mean of 2.3 and a standard deviation of 0.6, indicating that the
respondents in the sample tend to have negative views of the legitimacy of the justice
system. Respondents who view the criminal justice system as illegitimate are likely to
have higher levels of offending (e.g., [38]).5

4 Since older respondents may have a longer retrospective recall period to remember their first offense than
younger respondents, it is possible that using self-report data may hinder accurate recollection of respondents’
age of onset. However, research has shown that youths tend to report more serious offenses—such as those
used in the Pathways study—more accurately [37].
5 The Pathways data includes a measure for respondents’ age at first court petition. The mean age of first court
petition (14.8, std. dev=1.67) is less than the mean baseline age (16.5, std dev=1.16), and the mean difference
between those ages is 1.66 (std dev=1.61). Still, there are a number of youth whose first juvenile justice
petition may have coincided with the index offense for the Pathways study (estimated at 30–40 % depending
on the gap between petition and baseline). Thus, their perceptions of procedural justice may not have come
from direct experience. Though this might change the precise mechanism by which earlier offending may have
affected perceptions of system legitimacy and subsequent offending, research has found that legal socializa-
tion, of which that is one dimension, can be influenced by informal exposure or vicarious influences as well
[38, 39].
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Peer Antisocial Behavior

Respondents answered a series of questions about the prevalence of antisocial behavior
in their peer groups. They were asked about 12 different types of peer antisocial
behavior and answered these questions on a five-point Likert scale (1 = none of them
to 5 = all of them). The peer antisocial behavior covariate is the mean of these responses
(α=0.92). This covariate has a mean of 2.4 and a standard deviation of 0.9, indicating
that the respondents in the sample tended to have relatively few antisocial peers.
Respondents with an early onset of antisocial behavior may be more likely to associate
with antisocial peers [40–42] and, in turn, have higher observed levels of offending
over time [43].

Unsupervised Routine Activities

Respondents answered four questions about their activities using a five-point Likert
scale (“never” to “almost every day”). For instance, the respondents were asked how
often they spent time with friends informally. The covariate used in this study is the
mean of the responses to those four questions (α=0.62). It has a mean of 3.8 and a
standard deviation of 0.8, which indicates that at the initial wave, the respondents’
routine activities were quite often unsupervised. Respondents with unstructured routine
activities are likely to have higher levels of offending than those with less structured
routine activities (e.g., [44, 45]). Youth with an early onset of offending may associate
with antisocial peers, who are less likely to engage in structured routine activities.

Motivation to Succeed

Respondents were asked a series of questions about how optimistic they were about
achieving their future goals and the perceived opportunity of success for people who
live in their neighborhood. The respondents reported their level of agreement with
several statements on a five-point Likert scale. Example items include: “In my neigh-
borhood, it’s pretty easy for a young person to get a good-paying, honest job” and “My
chances of getting ahead and being successful are not very good.” After reverse coding
for directional consistency, the scale comprises the mean of the responses to six
statements. Those with higher scores on this scale are more optimistic about their
future success and have greater motivation to succeed. The overall motivation to
succeed measure has a mean of 3.3, a standard deviation of 0.7, and a Cronbach’s
alpha of 0.66. An early onset of offending could limit prosocial opportunities and
decrease motivation to succeed. In general, youths that are less engaged and motivated
in school are less likely to have academic success (e.g., [46, 47]). Subsequently,
academic failure and dropping out of school is associated with criminal behavior later
in life (e.g., [48]). Thus, youths with lower motivation to succeed and fewer perceived
opportunities may have greater continuity in offending over time.

School Performance

Respondents were asked about their grades in school. This measure ranged from 1 to 8,
with “1” indicating that most of a respondent’s grades were A’s and “8” indicating that
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most of a respondent’s grades were below D’s. This measure had a mean of 4.8 and a
standard deviation of 1.9, which indicates that respondents in the sample tended to have
about a “C” average in school. An early onset of antisocial behavior can lead to
rejection by teachers, which decreases school engagement and increases the risk of
academic failure [49]. This academic failure is often associated with criminal
behavior later in life [48].

Moral Disengagement

At the initial wave, respondents were presented with 32 statements pertaining to moral
detachment that they answered on a three-point Likert scale. Examples include moral
justification, displacement of responsibility, and distorting responsibility. The moral
disengagement variable used in this analysis is the mean of all 32 items (α=0.88). The
mean value was 1.6 with a standard deviation of 0.4. This measure is similar to Sykes
and Matza’s [50] concept of techniques of neutralization. Respondents with higher
levels of moral disengagement are expected to have higher levels of offending over
time (e.g., [51, 52]).

Substance Use

At each wave, respondents were asked to report how frequently they used the following
substances: alcohol, marijuana, sedatives, stimulants, cocaine, opiates, ecstasy, hallu-
cinogens, inhalants, and amyl nitrate. Then, respondents were asked whether they used
any other drug to get high (0 = no; 1 = yes). Similar to the self-reported offending
variety score, we created a substance use variety score that distinguishes the most
serious drug users from the least serious. This measure ranges from 0 to 7 with a mean
of 0.9 and a standard deviation of 1.1, which indicates that drug use is relatively rare
among the respondents in our analytic sample. Past research has found that individuals
with higher levels of substance abuse tend to have more stable patterns of offending
over time [19].

Analytic Plan

We utilized latent class growth curve models (LCGA), estimated in Mplus 7.1, to assess
variation in offending trends across the measurement window in the Pathways data.
LCGA estimates a model based on an assumption that observed longitudinal trends in
response (e.g., self-reported variety of offending) might be explained by underlying
categorical groupings [24, 53]. We focused in particular on three, four, five, and six
class versions of the model (see [29, 31]). All models use a full-information maximum
likelihood estimator (FIML) for data missing at random (MAR) to accommodate
missing responses and attrition among participants [54]. Random starting values were
utilized to avoid local maxima in the estimation process (n=500). Again, to best
approximate previous studies using these data (see [29, 31]), we utilize a cubic function
with the time scale and zero inflated-Poisson distribution for the self-reported variety
score measures.

Model selection was based on several measures of fit and classification quality. The
Bayesian information criterion (BIC), which is the most often-used benchmark in
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determining the number of classes, is based on the log likelihood value of the fitted
model adjusted for the number of estimated parameters [55, 56]. Lower values on
information criteria suggest a better fitting model. Next, the Lo-Mendell-Rubin (LMR)
and bootstrapped likelihood ratio (BLR) tests compare the specified model to a “k-1”
class version (e.g., five classes vs. four). Lower observed probability values on these
tests suggest that the more parsimonious model can be rejected in favor of the one with
an additional class [56, 57]. The quality of classification based on the assignment of
individuals to latent classes using model estimates and observed longitudinal response
patterns was assessed by the “entropy” statistic. Its value ranges between “0” and “1”
with those values closer to “1” suggesting clearer placement of individuals into classes
[58]. The agreement between predicted and actual classification was examined through
the overlap of the two in each of the classes (i.e., marginal values in classification
table). Higher values suggest greater correspondence, with values over 0.80 preferred
[24].

The key estimates produced within the LCGA process are (a) latent growth factors
and (b) latent class probabilities. The model estimates latent growth factors that draw
on all observed time points, allowing individuals to have their own trajectories (i.e.,
intercept, slope), which are summarized by a sample mean and variance. In LCGA,
subgroups have their own intercept (initial level) and slopes (pattern of change over
time), which are representative of their members. Individual cases are assigned to latent
classes based on modal class probability based on where their growth factors suggest
they belong. The patterns are generally summarized visually, but the growth factors
comprise the statistical estimates underlying the group-based trajectories.6 Latent class
probabilities index the relative prevalence of the groups in the sample.

Mediation tests were conducted at the final stage of the analytic process.
Specifically, we wished to evaluate possible relationships among age of onset, possible
mediator variables that may be affected by early onset, and estimated trajectory group
membership to establish the degree to which there may be intermediate factors affecting
the relationship between age of onset and long-term offending patterns [25, 26].
To that end, following the estimation and assessment of the LCGA for offending
(step 1), we investigated the degree to which the age of onset measure affected the
relative likelihood of membership in certain groups in a multinomial logistic regression
framework (step 2). From there, we added the potential mediator variables described
above to determine (a) the degree to which they impacted the relative likelihood of
membership in certain trajectory groups and (b) assess whether age of onset had a
significant, indirect effect on the likelihood of latent class membership through inter-
mediate factors.7

6 The variance in the growth factors is assumed to be fully captured by the underlying latent classes—meaning
that there is no within-group variation in the growth estimates [60, 61].
7 Based on prior research, it is possible that there may be moderated mediation in the relationship between age
of onset and future offending (see [4, 5]). It may be that during childhood, early antisocial behavior leads to
subsequent antisocial behavior by reducing opportunities for prosocial development, but when early onset
youths reach a certain age, their antisocial behavior is so ingrained that future behavior is caused by their
acquired predisposition to antisocial behavior. The baseline age range in the Pathways data is fairly limited, but
we did add an interaction term of age × age of onset to the models presented in Table 3 to test this possibility.
None of those estimates were statistically significant.
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This mediation analysis was carried out via path modeling procedures where each of
the covariates described above was regressed on age of onset (see Fig. 1). The logged
probability of class membership was then regressed on the direct effect of age of onset
and each of the mediator variables. This testing presents challenges in the context of the
latent class growth curve modeling process. Given the difficulties of simultaneously
estimating the mediating process inherent in the linkage between age of onset, inter-
vening variables, and long-term patterns of offending, we estimated indirect effects in
separate path models based on the approach suggested by Clark and Muthén [59].8 The
standard errors for indirect effects were estimated using 1,000 bootstrap draws (see
[25]).

Ideally, the dependent variable should be normally distributed in this mediation
analysis as this is a linear model. Unfortunately, the outcome measures tended not to be
normally distributed here. This is an analytic situation where there is no foolproof
solution as estimating the model with an alternate distribution (e.g., censored normal)
does not allow for the use of the mediation test due to the different measurement scales
involved in computing that indirect effect estimate.

Results

Estimating Latent Classes

We tested up to six offending trajectory classes (model fit statistics for the three
through six class models are shown in Table 1). The BIC values displayed in
Table 1 indicate that the four class model is a better fit than the three class model.
However, the BIC values for the five and six class models are lower than that for
the four class model, which suggests use of alternative fit indices [56]. The lower
observed probability value associated with the LMR for the four class model (p=
0.13) versus that for the five class model (0.29) indicates that the three class
model can be rejected in favor of the four class, but the four class version cannot
be rejected in favor of five classes. Next, the entropy value for the four class
model (0.84) indicates better delineation than the five and six class models;
however, the value for the three class model is slightly higher (0.87) than that
for the four class model.

Based on this triangulation, the four class model provides a solid fit to the data on all
measures, whereas there are inconsistencies for the other specifications. As a final
check on fit for the four class version of the model, we ran the bootstrapped likelihood
ratio test (BLRT), which utilizes bootstrapping procedures to create a difference in log
likelihood test [56] and produces an associated p value in which lower values indicate

8 Clark and Muthén recommend the specification and estimation of these models in an integrated fashion, but
found—based on simulations and empirical examples—that this approach was preferred to others when
integrated, single-stage estimation is not an option. They added two caveats, however. One is that the entropy
for the base latent class model be above 0.80. As discussed above, that condition is met for the current
analysis. Due to the possible inflation of standard errors, they also suggest that researchers use a more stringent
criterion than p=0.05 to reject null hypotheses. Given that, we use p=0.01 as a threshold in assessing the
indirect effects in this analysis. This did lead us to fail to reject the null hypothesis in a few scenarios where we
would have if the significance level was 0.05.
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better fit for the kmodel over the k−1 model. Accordingly, the p value of the BLRT for
the four class model (0.00) indicates that it is a good fit to the data.

Figure 2 provides a graphical representation of the four latent offending trajectories.9

The first trajectory class is loosely referred to as high, chronic and consists of 12.7 % of
the sample. This class has the highest self-reported offending rate at the baseline
interview (10.50) and at every subsequent wave. The second trajectory class is labeled
high, desisting and comprises 25.8 % of the sample. This class also had a high baseline self-
reported offending (SRO) rate (8.19), but unlike youth in the high, chronic group, on average,
these youth tended to commit little crime in the later time periods. The third trajectory class,
moderate, stable, consists of 16.5% of the sample. This group had a moderate baseline
SRO rate (3.98) that remained relatively stable through the subsequent observations.
The fourth trajectory class, low, no offending, includes the remaining 45.0 % of the
sample. This class had the lowest baseline SRO rate (2.79). After the initial drop in
SRO between the baseline and wave 1—which was present to varying degrees in each
of the trajectory groups—youths in the low, no offending class committed very few
offenses across the remaining interview points.10

Results: Research Question 1

Table 2 addresses research question 1 regarding the relationship between age of onset
and likely membership in the trajectory groups. Working from left to right in the table,
when using the low, no offending class as a reference, we see that a one unit increase
(i.e., a year) in age of onset is associated with significantly lower relative odds (shown
in parentheses) of being in the high, desisting (−25 %) or high, chronic (−35 %) classes
as compared to the low, no offending class. Additionally, there is also a significant effect
for the high, chronic group using the moderate, stable class as a reference. Specifically,
a year increase in age of first delinquent act suggests a 29 % reduction in the odds of
being in the high, chronic class relative to the moderate, stable offending class. This

9 These are probabilistic, estimated classes and labels are used as approximate descriptors to summarize the
offending patterns of individual cases as opposed to define “real” groups (see [62, 63]).
10 When looking at Fig. 2, one can see that the offending variety score decreases for each of the four trajectory
groups. This is to be expected due to the fact that all respondents in the sample had recently offended and were
then placed under some form of correctional supervision between the baseline and wave 1 interviews (see
[29]). However, even if wave 1 was taken as the starting point, there are still some differences in observed
trends over time among the four latent classes (i.e., that initial point does not preordain the four trajectory
patterns).

Table 1 Model fit statistics for iterative latent class growth analysis

Log likelihood BICa LMR (p) Entropy Mean LC probabilities—likely
class membership

3 class −11,252.89 22,611.98 836.67 (0.00) 0.868 0.93, 0.95, 0.94

4 class −11,187.57 22,499.03 126.87 (0.13) 0.841 0.87, 0.95, 0.86, 0.94

5 class −11,046.80 22,235.19 148.30 (0.29) 0.783 0.94, 0.87, 0.85, 0.85, 0.85

6 class −10,973.24 22,105.78 141.33 (0.42) 0.768 0.85, 0.84, 0.95, 0.81, 0.80, 0.84

a Sample-size adjusted

76 S. Gann et al.



analysis suggests that onset age does help to distinguish cases that belong in different
latent classes—albeit not in all cases.

Results: Research Question 2

We then considered the bivariate relationship between age of onset and the key
individual and social factors that might act as mediators (research question 2). Of
the eight covariates included in the analysis, only two—domains of social support
and grades in school—were not significantly associated with age of onset. Each
relationship was in the hypothesized direction. For example, youth with later ages
of first reported delinquency tend to report less frequent drug use (r=−0.13, p=
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Fig. 2 Overview of group-based longitudinal trends from four class model

Table 2 Logistic regression—age of onset and trajectory group membership

Low, no Moderate, stable High, desisting High, chronic

Ref class B (OR) SE B (OR) SE B (OR) SE B (OR) SE

Low, no – – −0.08 (0.92) 0.09 −0.29 (0.75) 0.07 −0.43 (0.65) 0.10

Moderate, stable 0.08 (1.09) 0.09 – – −0.20 (0.82) 0.12 −0.35 (0.71) 0.14

High, desisting 0.29 (1.33) 0.07 0.20 (1.22) 0.12 – – −0.15 (0.87) 0.12

High, chronic 0.43 (1.54) 0.10 0.35 (1.41) 0.14 0.15 (1.16) 0.12 – –

Data presented in bold indicate p<0.05

B logit coefficient, SE standard error, OR odds ratio
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0.00), delinquent behavior on the part of their peers (r=−0.20, p=0.00), and
moral disengagement (r=−0.15, p=0.00). These youths also tended to have
higher scores with respect to their perceptions of system legitimacy (r=0.16,
p=0.00) and motivation to succeed (r=0.13, p=0.00).

Results: Research Question 3

Our third research question considers the possibility that onset age might be
mediated by other individual and social influences—suggesting that it may be a
part of a state dependence process. The results from this analysis are shown in
Table 3. The table displays logit coefficients, standard errors, and odds ratios
using the trajectory groups with the lowest (low, no offending) and highest (high,
chronic) self-reported offending as reference points while controlling for baseline
age. Accordingly, the logit coefficients indicate the estimated likelihood of place-
ment into a given class relative to the reference class given a unit change on a
covariate.

Several covariates included in the models did help distinguish likelihood of
class membership. Using the high, chronic class as a reference, youth who
reported a later age of onset were more likely to be members of the low, no
offending (b=0.33, standard error (SE)=0.14) and high, desisting (b=0.24, SE=
0.12) groups, the same result found in the unconditional model that did not
include any covariates. Specifically, a 1-year increase in age of onset produced a
38 % increase in the odds of being in the low, no offending class and a 28 %
increase in the odds of being placed in the high, desisting class relative to the
high, chronic offending class. As youths’ scores increased one unit on the moti-
vation to succeed scale, they had significantly higher odds of being placed in the
low, no offending (103 %), moderate stable (98 %), and high, desisting (63 %)
groups relative to the high, chronic group. Youths who used drugs in the past
6 months at elevated levels had significantly lower relative odds of being placed in
the former three groups (78, 60, and 23 %, respectively). Similarly, youths with a
higher degree of moral disengagement were significantly less likely to be placed
in the low, no offending group (b=−2.13, SE=0.57) relative to the high, chronic
group. Finally, youth who associated with antisocial peers had significantly lower
odds of being placed in either the low, no offending (−83 %) or moderate, stable
groups (−73 %), while those youths who perceived the justice system as having
greater legitimacy had greater odds of placement in one of these two groups (171
and 135 %, respectively). Similar results were found when using the low, no
offending group as the reference class. Youths who associate with antisocial peers,
those that have a higher degree of moral disengagement, and those who used
drugs in the past 6 months at higher levels have significantly higher odds of being
placed in any of the three higher offending groups relative to the low, no offending
group. In addition, youth who viewed the justice system as more legitimate had
lower relative odds of being placed in the high, desisting (−60 %) or high, chronic
groups (−63 %).

The previous results establish that there are clearly relationships between early
onset and offending trajectory groups, early onset and some potential mediators,
and mediators and offending trajectory groups, which is often viewed as a part of
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assessing mediation [64]. Furthermore, looking at the shift in estimated effects
from Tables 2 to 3 implies that there may be some mediating effects at work as the
size of the onset age estimate diminishes in all relevant comparisons. Still, more
formal tests are generally preferred [25, 26]. Table 4 displays the direct and
indirect effects found in such a mediation analysis.

The first model uses the log-odds transformed measure of being placed in the
high, chronic class as a dependent variable. This path model holds age of onset as
fully exogenous and the various individual attitude and social influences as
endogenous. It includes parallel mediation relationships from age of onset through
the covariates described above and direct effects from those covariates as well (see
[25]). After accounting for the mediation processes, age of onset no longer
has a significant direct effect on Pathway respondents’ likelihood of being placed
in the high, chronic group (b=−0.17, SE=0.09). There are, however, three

Table 3 Logistic regression of latent classes on age of onset and potential mediators

B (OR) SE B (OR) SE B (OR) SE

Reference class: high, chronic Low, no Moderate, stable High, desisting

Baseline age 0.270 (1.310) 0.149 0.063 (1.065) 0.161 0.047 (1.048) 0.128

Age of onset 0.325 (1.384) 0.144 0.299 (1.349) 0.171 0.243 (1.275) 0.121

Domains of social
support—family

0.130 (1.139) 0.086 0.107 (1.113) 0.095 0.023 (1.023) 0.070

Procedural justice—legitimacy 0.996 (2.707) 0.331 0.856 (2.353) 0.363 0.067 (1.070) 0.278

Peer antisocial behavior −1.790 (0.167) 0.339 −1.307 (0.271) 0.297 −0.101 (0.904) 0.244

Unsupervised routine activities −0.056 (0.946) 0.265 −0.112 (0.894) 0.271 0.200 (1.221) 0.233

Motivation to succeed 0.708 (2.030) 0.291 0.683 (1.981) 0.294 0.486 (1.627) 0.236

Grades in school −0.143 (0.867) 0.096 −0.121 (0.886) 0.100 −0.032 (0.968) 0.083

Moral disengagement −2.133 (0.118) 0.571 −0.894 (0.409) 0.582 −0.431 (0.650) 0.393

Drug use past 6 months −1.510 (0.221) 0.219 −0.925 (0.396) 0.336 −0.263 (0.768) 0.116

Reference class: low, no
offending

Moderate, stable High, desisting High, chronic

Baseline age −0.206 (0.813) 0.104 −0.223 (0.800) 0.146 −0.270 (0.763) 0.149

Age of onset −0.025 (0.975) 0.077 −0.082 (0.921) 0.116 −0.325 (0.723) 0.144

Domains of social
support—family

−0.023 (0.977) 0.067 −0.107 (0.899) 0.080 −0.130 (0.878) 0.086

Procedural justice—legitimacy −0.140 (0.869) 0.230 −0.929 (0.395) 0.401 −0.996 (0.369) 0.331

Peer antisocial behavior 0.483 (2.323) 0.234 1.689 (5.414) 0.386 1.790 (5.989) 0.339

Unsupervised routine activities −0.057 (0.945) 0.152 0.255 (1.290) 0.246 0.056 (1.058) 0.265

Motivation to succeed −0.025 (0.975) 0.193 −0.222 (0.801) 0.248 −0.708 (0.493) 0.291

Grades in school 0.022 (1.022) 0.058 0.110 (1.116) 0.087 0.143 (1.154) 0.096

Moral disengagement 1.240 (3.456) 0.402 1.703 (5.490) 0.547 2.133 (8.440) 0.571

Drug use past 6 months 0.584 (1.793) 0.274 1.246 (3.476) 0.205 1.510 (4.527) 0.219

Estimates presented in bold represent estimates that were statistically significant at p<0.05. Given use of
multiple reference categories in interpretation, the high, chronic and low, no comparison columns correspond
to one another in that their logit values, and odds ratios are just reversed with respect to the reference category
used in each panel of the table
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significant indirect relationships where the effect of age of onset on the likelihood of
placement in this class is mediated by other variables. Given each of the relationships
presented in Table 4, the significant indirect effect from age of onset through peer
delinquency (b=−0.11, SE=0.03) indicates that a later age of onset reduces the level of
peer delinquency to which a youth is exposed and also in turn reduces the positive
relationship between delinquent peers and the logged odds of placement in the high,
chronic offending class. Similar protective effects of a later age of onset can be observed
for the substance use (b=−0.11, SE=0.04) and motivation to succeed (b=−0.05, SE=
0.02) measures as well.

Somewhat different results emerge when considering the path model that uses
the logit of being placed in the low, no offending class as a dependent variable. In
this model, age of onset maintains its significant direct effect on youths’ likeli-
hood of being placed in the low, no offending class (b=0.28, SE=0.13) after
accounting for mediation processes. In addition to its significant direct effect,
age of onset has a significant indirect effect on the log-transformed odds of
placement in this class via three mediator variables: peer delinquency (b=0.23,
SE=0.05), moral disengagement (b=0.09, SE=0.03), and drug use (b=0.13, SE=
0.04). In all cases, a year increase in age of onset increases the likelihood of
placement in the low, no offending class by virtue of its indirect and negative
impact on those mediators. In other words, a later age of onset predicts a lower
level of peer delinquency where a higher level of peer delinquency also predicts a
lower likelihood of placement in this latent class.

When looking at the model that uses the transformed probability of being
placed in the moderate, stable class as the dependent variable, there is no
significant direct effect of age of onset on being placed in this class (b=−0.08,
SE=0.10) nor are there any significant indirect effects via the covariates.
Similarly, there is no direct effect of onset age on class membership for the model
using the probability of membership in the high, desisting group as the dependent

Table 4 Mediation analysis: direct and indirect effects of age of onset on the logged odds of class placement

Low, no Moderate, stable High, desisting High, chronic

B SE B SE B SE B SE

Direct effect of onset age 0.278 0.134 −0.075 0.103 0.023 0.092 −0.168 0.091

Indirect through mediator

Domains of social support—family 0.006 0.010 −0.002 0.005 −0.004 0.007 0.000 0.006

Procedural justice—legitimacy 0.029 0.023 −0.005 0.016 −0.008 0.016 −0.016 0.016

Peer antisocial behavior 0.227 0.050 0.013 0.023 −0.127 0.031 −0.111 0.034

Unsupervised routine activities 0.016 0.020 −0.005 0.014 −0.021 0.015 0.005 0.014

Motivation to succeed 0.025 0.018 0.020 0.013 0.001 0.014 −0.045 0.019

Grades in school −0.001 0.006 0.001 0.004 0.001 0.004 0.001 0.005

Moral disengagement 0.094 0.029 −0.029 0.019 −0.036 0.019 −0.044 0.023

Drug use past 6 months 0.131 0.041 0.028 0.016 −0.038 0.022 −0.107 0.038

Data in bold indicate p<0.05
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variable (b=0.01, SE=0.01). There is, however, a significant indirect effect
through peer delinquency (b=−0.13, SE=0.03). This indicates that, similar to
the high, chronic model discussed above, an increase in age of onset reduces
interaction with delinquent peers as well as the relationship between peer delin-
quency and the transformed odds of being placed in the high, desisting class.11

Discussion

Key Findings

Although a great deal of prior research has concluded that age of onset is one of the
strongest predictors of future offending [1, 5, 9], there are still gaps in knowledge about
its role in understanding continuity in offending. A population heterogeneity explana-
tion suggests that the relationship between age of onset and offending trajectories is
spurious due to persistent individual differences that underlie both onset age and future
offending. In other words, there is no causal link between onset age and long-term
offending. Conversely, a state dependence explanation suggests that early onset age has
a causal effect on long-term offending trajectories via its negative consequences on
other aspects of a youth’s life. This study attempted to address this gap in knowledge by
using longitudinal data from the Pathways to Desistance study and group-based
trajectory and mediation models to expand our understanding of the importance of
age of onset by examining the direct and mediated effects of onset age and individual
and psychosocial factors to determine their effects on long-term offending trajectories.

We focused on three primary research questions. First, we considered whether onset
age was associated with membership in trajectory groups estimated from longitudinal
offending trends. Our results show that a four class model best captures the data and
that age of onset is significantly associated with membership in the four trajectory
groups. Specifically, as youths’ age of onset increase, their odds of being placed in the
more serious offending trajectory groups (high, chronic and high, desisting) decreases
and their odds of being placed in the less serious groups (moderate, stable and low, no
offending) increases. Our second research question addressed whether age of onset was
associated with key social and individual covariates. All but two of the included
covariates are significantly correlated with age of onset. Interestingly, the two nonsig-
nificant covariates—domains of social support and grades in school—are those that tap
the youths’ social support and attachment to prosocial institutions, which have tradi-
tionally considered as vital correlates of juvenile delinquency [46]. Greater correlations
were found among covariates that address youths’ attitudes (e.g., motivation to

11 It may be possible that earlier manifestations of the hypothesized mediating variables, which were not
available in this study, might have had an impact on age of onset. This creates some challenges to the temporal
order that would be assumed in a state-dependent effect. As such, we conducted ancillary analysis in which we
reestimated the mediation models using the wave 1 observation of each covariate as the mediator, keeping the
baseline covariate in the model as a control (results available upon request). Although there were some
differences in the mediation estimates when including lagged versions of the mediators, most of the key results
generally held (e.g., mediating effects for substance use and peer antisocial behavior). While shifts in these
estimates are expected in that there is likely to be at least some confounding and the fact that the lagged
variables are a strong control, the results suggest that there are likely to be some state-dependent effects that
would not be fully obviated by unobserved initial conditions on these measures.
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succeed, moral disengagement) and activities (e.g., drug use), suggesting that onset age
is related to some more proximal influences on long-term offending trajectories that
could mean it is part of a chain of relationships as opposed to solely a marker of
persistent population heterogeneity.

Our final research question focused on possible mediating factors in the relationship
between self-reported age of onset and the probability of assignment to a given
offending trajectory group. Our analyses indicated that some of the potential mediators
did help to predict most likely class membership. For example, relative to the high,
chronic group, youths with a higher motivation to succeed and those who had not used
drugs in the past year had significantly greater odds of being placed in each of the three
lower offending trajectory groups. The indirect effects of age of onset on trajectory
class membership via eight social and individual factors were then examined more
formally. Onset age maintained its significant direct effect on class membership in only
one case (low, no offending), and there were significant indirect effects present in each
model except for the moderate, stable class. The mediation analysis and the dissipation
of the direct effect of onset age provide some evidence that there are state dependence
processes that may be affected by a youth’s age of onset. Still, the fact that the direct
effect for onset age remained when predicting the relative likelihood of placement in
the low, no class suggests that it is likely serving as a factor that distinguishes less and
more serious offending—regardless of the dynamic processes that may be triggered by
when that onset happens.

Limitations

While this study provides meaningful insight into the relationship between age of
onset and later offending, the results should be considered in light of some limita-
tions. There are two limitations related to the initial and analytic sample. This study
uses data for a sample of offenders aged 14–17 at baseline who were adjudicated for
a serious offense, while many of the studies discussed above examined age of onset
in general population samples. The current approach is beneficial in terms of focus
on a sample that includes offenders who all had some age of onset. Still, only
including only serious offenders may exclude some segment of juvenile offenders
who commit relatively minor crimes, as well as limit the generalizability of our
findings for less serious offenders or the juvenile population as a whole. As such,
long-term offending trajectory groups identified in this study may be different when
using a combined sample of serious and minor offenders. A second limitation is that
we used a subsample (n=792) of the Pathways data due to the inclusion of only
those youth who had complete data for at least 70 % of the possible assessments, as
well as excluding the small number of female offenders. These inclusion criteria
were used so that our analyses might correspond as closely as possible to previous
studies using the Pathways data. Although a check of attrition showed no signifi-
cant differences between our sample and the full Pathways sample on age of onset,
offending variety score, or any of the mediating variables, the exclusion of roughly
30 % of the cases could potentially bias both the formation of the latent trajectory
classes and the mediation analyses. Similarly, it is possible that the exclusion of
these cases, along with attrition in the sample, may explain, in part, a portion of the
downward slopes of the trajectory curves.
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There were three limitations that emerged in the measurement of the study’s focal
variables. The onset age measure required recall on the part of the respondent at the
baseline interview and, consequently, it may not be as precise as other measurement
approaches. Additionally, although the potential mediators were measured at the start of
the study and therefore before age of onset, it is possible that earlier manifestations of
the mediating variables may have influenced the onset of offending (see [65] discussion
of “unobserved initial conditions” for a somewhat analogous problem). Still, results
from ancillary analysis show that most key results held (see footnote 9). Finally, we
included only eight possible mediating variables in our analyses based on prior
research. Future analyses should consider incorporating more factors in order to
develop a more complete understanding of their possible mediating effect on the
relationship between onset age and long-term offending trajectories.

Conclusions

Although previous research has established a strong link between early onset and long-
term offending, much of this research identifies onset age simply as a risk marker for
future antisocial and illegal behavior. It is important, however, to expand our under-
standing of the role of onset age as it plays a role in affecting various offending
pathways. Overall, using a sample of adolescent offenders, this study lends further
support to the idea of a mixed perspective on continuity in offending: age of onset
seems to be a marker for high delinquent propensity and related choices (e.g., associ-
ation with delinquent peers), which reflects a population heterogeneity perspective. In
our mediation analysis, age of onset generally maintained its significant direct effect on
the low or no offending group, which is an especially important test with respect to the
effect of onset age on later offending patterns. Onset age also might be an early link in a
chain of factors that increases the likelihood of becoming a serious long-term offender
(i.e., state dependence). Our results indicate that the relationship between age of onset
and long-term offending trajectories is mediated, in part, by certain social and individ-
ual factors, supporting a state dependence perspective. Peer delinquency and drug use
appear to be consistent mediators of this relationship, while moral disengagement and
motivation to succeed have moderate mediating effects. In addition, after accounting
for the mediation processes, age of onset no longer had a direct effect on offending
class placement for three of the four latent classes.

Based on these findings, this study offers some insights into delinquency pre-
vention and intervention. For example, the finding that the relationship between
early onset and high levels of long-term offending is heavily mediated by drug use
suggests the need to monitor early offenders in order to intervene to ameliorate that
criminogenic need. The results from this study suggest that this early intervention
can potentially reduce the likelihood of serious future offending. A similar inter-
vention strategy for early offenders could also be used in attempts to limit associ-
ation with delinquent peers. Furthermore, juvenile risk assessments should not
consider an early onset age as just a risk marker. Instead, consideration should be
given to the factors that mediate the relationship between onset and future
offending, and these factors should also be included in updated assessment tools.
In other words, the consequences of that early onset—including the inherent effects
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of system involvement (see [66, 67])—need to be explicitly considered in any
efforts to prevent later delinquent behavior. Overall, the study findings suggest that
the general correlation between age of onset and long-term offending trajectories is
a surface indicator of a relationship that is rich in its meaning for developmental and
life-course criminology and in implications for responding to offending. While the
presence of this relationship can be characterized as conventional wisdom at this
point, it is important that it is probed further just the same.
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