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Abstract

The transitional period between adolescence and adulthood is a high risk period

for social strain and adversity leading to experiences of violence and altered normative

civic beliefs. In this dissertation, I examine cognitive skills and neural development

in relation to social and environmental co-factors to identify paths leading to adverse

outcomes in emerging adulthood. The rate of risk accrual was measured longitudinally

during adolescence and found to predict future violent outcomes independently of the

Behavioral Inhibition and Approach Systems, a self-report behavioral instrument for

measuring motivational cognitive systems. Paths to violence perpetration began with

risk accrual in adolescence, followed by elevated environmental strain leading to social

exclusion and heightened experiences of violence that effected an alteration of nor-

mative social and civic beliefs in adulthood. Adult males that experienced greater

violence were more likely to report positive attitudes toward delinquency and the use

of violence, and in consequence, perpetrate fighting and bullying behavior. A novel

method for computing a cognitive maturity index was developed using neuropsycho-

logical task performance to fill in the self-report gap between cognitive development

and violence risk accrual. Advanced cognitive maturity was common in females further

along in puberty as indicated by elevated inhibitory control of reflexive motor actions,

less risk-taking, lower time preference for immediate rewards, and sensitivity to nega-

tive emotional faces. Delayed adolescent neurocognitive maturation was more common
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in physically developed males and directly drove the risk for future experiences of vio-

lence through desensitization to negative affect and greater reward responsivity and

impulsivity. Age-related changes in cognitive skills and violence risk were explained

by changes in brain volume, wiring, and activity measured with Magnetic Resonance

Imaging (MRI). Prefrontal cortical and striatal volume, fractional anisotropy, and

functional connectivity were revealed to mediate the development of inhibitory con-

trol and interact with risk and reward appraisal and facial affect processing to pre-

dict maturity. The synthesis of neuropsychological task performance with biophysical

measures of the developing brain and sociodemographic factors demonstrate adoles-

cence is a period of cognitive and social malleability susceptible to social influences

in determination of lifespan outcomes in emerging adulthood.

Index words: cognitive science, neuroimaging, magnetic resonance imaging,

adolescent development, emerging adulthood, social norms, social

deviance, vulnerability, violence experience
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Chapter 1

Introduction: The Approach to Adulthood and the Emergence of

Violence

The transitional period between adolescence and emerging adulthood is a risk

traversal process with ample opportunity to experience violence, social exclusion,

and altered normative social values that might precede deviance from civic norms

along the lifespan trajectory [41, 44, 79, 83]. Epidemiological data starkly demon-

strate the relationship between age and violence experience, a macro-scale trend

termed the age-violence curve (Figure 1.1) [41], in which teenagers are twice as likely

to experience an adverse outcome compared to the next age group (Figure C.3) [95].

The etiological underpinnings of the age-violence relationship have been extensively

studied, yielding sociological and behavioral models that seek to explain what makes

the transitional period between adolescence and young adulthood an effective incu-

batory phase for antisocial behavior [30, 81], yet the causal link between social strain,

cognition, and subsequent antisocial decision-making remains a challenging scientific

problem for developmental cognitive neuroscientists [90, 104]. Sociological models

of youth violence have hypothesized that social strains can interact together with

variations in cognitive skills maturity, consequently predisposing youth to elevated

risk for making impulsive decisions to cope with perceived stressors [60, 131]. How-

ever, a key missing component for understanding individual cognitive differences in

the context of social strain is a quantitative metric of behavioral and biophysical

brain maturity in adolescence. The present body of work explores the utility of
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a quantitative definition of brain (neural) and behavioral (cognitive) maturity to

isolate the contribution of developmental changes in inhibitory control, risk/reward

assessment, and processing of social signals such as emotional faces to the expected

risk in adolescence and observed violent outcomes in early adulthood. The utility of

a neurocognitive maturity index is demonstrated by charting developmental trajecto-

ries that predict heightened risk for future adverse outcomes, providing a foundation

for prevention scientists, educators, public policy experts, community social workers,

and juvenile justice practitioners to apply cognitive neuroscience for the development

of prevention programs for youth violence.

1.1 Dual Systems Duel in Adolescent Cognitive Development

Identification and charting of individual socio-emotional cognitive developmental tra-

jectories during adolescence has been targeted as a critical methodological require-

ment for characterizing the interaction between psychological traits and environ-

mental factors leading to the emergence of social deviance and youth delinquency

[77, 131]. Models of adolescent cognitive development, such as the Dual-Systems

Model, have forwarded the hypothesis that adolescents are more sensitive to social

strains than adults due to ongoing developmental changes in cognitive skills under-

lying two interacting systems: inhibitory control and reward sensitivity [24, 136]. The

predictions of youth risk driven by these dual systems is based on legacy empirical

psychology research on the behavioral inhibition and approach systems (BIS/BAS),

a theoretical construct for understanding why adolescents are more susceptible to

altered social norms preceding delinquency in the transition to early adulthood [60].

The BIS is characterized by inhibitory control of reflexive actions in response to

reward and in the avoidance of punishment; whereas the BAS manifests as exter-
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nalizing behavior and greater tenacious pursuit of rewards, specifically to counteract

perceived sources of strain or punishment [57]. Adolescents have been shown to exhibit

greater BAS, manifesting as strong responses to rewarding stimuli and increased drive

for acquiring rewards or pursuing corrective action to eliminate the loss of reward or

presence of punishment. Elevated BAS is coincident with lower BIS in adolescence,

resulting in decreased avoidance of punishment in anticipation of greater rewards

through less cautious risk assessment in goal-directed decision-making [18]. However,

it is not quite clear how the classical BIS/BAS system is related to developmental

changes in cognitive skills and risk for violent outcomes in adulthood. Longitudinal

analyses have revealed discrepant developmental changes in the BIS/BAS using self-

report instruments [100], suggesting that self-report based assessments of personality

are not sensitive enough to track adolescent cognitive development.

1.2 Motivating a Cognitive Maturity Index

Neuroimaging research has demonstrated behavioral changes during adolescence

are coincident with structural and functional changes in the prefrontal cortex and

striatum [18]. The striatum is a system of deep brain nuclei that integrate social,

emotional, and reward-related information to coordinate behavior through action

selection of motor plans that minimizes reward prediction error of observed outcomes

[58, 137] (Figure C.4). The striatum exhibits increased activity in adolescence during

responses to emotional context and reward appraisal leading to risk taking [39, 113].

The increased activity in striatum occurs prior to the completion of prefrontal cor-

tical development and results in a strong weighting of behavior that satisfies the

minimization of reward prediction error, often resulting in impulsive decision-making

and tenacious reward pursuit [37]. However, not all youth mature at the same rate
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Figure 1.1 The age-crime curve and adolescent cognitive development. The
violence experience index dramatically increases at the beginning of adolescence and
does not level off until young adulthood. The increase in violence experience occurs
during the hypothesized elevation of reward sensitivity and emotional salience that
occurs in adolescence before executive control skills are completely developed. Source:
CDC: National Vital Statistics System, Mortality (1999-2006)

and significant individual differences have been attributed to environmental factors

such as social and environmental adversity [59]. A key missing link between cogni-

tive neuroscience models of adolescent development and the risk for deviant social

behavior, such as perpetration of violence, is a quantitative metric for maturity.

Individual differences in adolescent cognitive development are expected to result in

different pathways leading to social deviance. Greater affective salience of perceived

rewards or punishments is considered to drive impulsive behavior in those that have

delayed maturation of cognitive control skills [81, 113]. However, the interaction
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between inhibitory control and appetitive systems and how individual differences in

the function of these systems influences paths to violence have yet to be demonstrated

in a longitudinal study.

1.3 Summary of Following Chapters

This dissertation is organized into three chapters outlining developmental risk accrual

and paths to violence in adulthood, followed by methodology for estimating a cogni-

tive maturity index, extending that methodology to include brain imaging features,

and lastly an integrative discussion. Converging paths to adverse outcomes are charted

in Chapter 2, beginning with developmental risk accrual in adolescence via adversity,

social isolation, and experiences of violence leading to pro-violent dispositions and

perpetration in emerging adulthood. Limitations of classical measurements of adoles-

cent cognitive development using the BIS/BAS self-report scale are also explored. In

chapter 3, improvements are proposed using well-validated neuropsychological instru-

ments measuring inhibitory control, risk and reward appraisal, and emotional face

recognition. The prediction quality of the cognitive maturity index is further improved

in chapter 4 by including latent factor estimates of brain volume, cellular microstruc-

ture, and functional connectivity related to the development of cognitive skills. The

neurocognitive maturity index is applied in exploration of the relationship between

variations in cognitive development and risk for violence experience in adulthood.

The findings described in this dissertation demonstrate that neuropsychological

behavioral tasks provide a more informative description of emergent cognitive pro-

cesses related to social deviance than classical self-report instruments such as the

BIS/BAS. Furthermore, measurements of cognitive maturity are marginally improved

when including structural and functional changes in striatal-cortical network devel-
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opment. Overall, this body of work describes a computational cognitive neuroscience

approach that synthesizes sociological models of youth conduct deviance with behav-

ioral measures of inhibitory control, risk taking and emotional processing along with

neuroimaging of the brain structures that support these cognitive skills. This inte-

grative approach provides a foundation for extending computational cognitive neuro-

science methods to social work, juvenile justice practice, education, and youth violence

prevention.
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Chapter 2

Social-Strain in Adolescence Cascades into Violence Experience and

Altered Social Norms in Emerging Adulthood

2.1 Introduction

Sociological research has identified the role of family and social relationships [62, 146],

accessibility of public services [93], and the presence of chronic strain from envi-

ronmental adversity, such as neighborhood crime or victimization [40], as the most

significant predictors of delinquency in adolescence and the persistence of offending

into adulthood. However, these are all exogenous factors and do not explain how a

socially deviant decision is constructed from perception to action. The General Strain

Model (GSM) bridges this gap as a construct for the causal link between social strain,

internal emotional states, and subsequent delinquent behavior [1, 2]. Environmental

adversity, such as neighborhood crime and impaired socioeconomic mobility, is con-

sidered to interact with experiences of violence to directly cause social deviance and

delinquency. Social strains have been found to increase the likelihood of negative emo-

tions and reinforce perceptions of social exclusion, and hypothesized to exert pressure

for taking corrective action to ameliorate the causes of experienced stress. The loss

of positive reinforcement, such as through dysfunctional interpersonal relationships,

or the perception of social barriers to goal achievement, are also sources of internal

emotional strain that may lead to social deviance. Corrective action may take the

form of elevated drug use to mitigate negative feelings or the absence of positive ones
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[127], or it may take the form of retaliation directed at the perceived sources of stress

[158]. Unfortunately, a single retaliation or corrective action in adolescence can lead

to a turning point, in which decisions become more and more likely to self-reinforce

perceptions of exclusion and existing stress, potentially culminating in a lifetime of

persistent offending [77].

2.1.1 Youth Antisociality and Cognitive Development

The original proponent behind GSM, Agnew, notes in his reflections that the model

on its own does not explain why adolescents are more likely to engage in social

deviance compared to adults [3, 54]. Adults also experience social strain but do not

engage in antisocial behavior at the same levels as those transitioning from ado-

lescence into emerging adulthood. The hint for arriving at a reconciliation of this

distinction is the appeal to cognitive mechanisms of emotional responses to perceived

stress that may explain deviant social decision-making in the GSM. Elaborations of

the GSM have called attention to the importance of ongoing socio-emotional cogni-

tive development during adolescence for understanding why environmental and social

influences have an especially potent impact on youth risk for antisocial behavior [60].

Cognitive neuroscience research has demonstrated that the adolescent brain under-

goes a timed maturation of discrete cognitive systems underlying social behavior and

decision-making [20]. Reinforcement Sensitivity Theory (RST) is a prominent com-

plement to the GSM that explains behavior with two underlying neurophysiological

systems: the behavioral inhibition and approach systems (BIS/BAS; [17, 57]). The

BIS is described as a mechanism for controlling behavior leading to punishment or

loss of reward through risk assessment, elevated attentional orientation, and caution

in ongoing decision-making processes. In contrast, the BAS responds to rewarding

stimuli and opportunities to avoid or stop punishment. The BAS is described as
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motivating behavior toward acquiring rewards or corrective actions by eliminating

punishment. Reinforcement learning systems in the brain have been shown to mature

early in adolescence, augmenting the ability to self-correct and learn from example

[131]. However, this process occurs at the expense of elevated sensitivity to the emo-

tional impact of perceived rewards or punishments. This trade-off is especially sig-

nificant as the inhibitory control cognitive system does not fully mature until well

into early adulthood [130]. The dual-edged benefit of elevated reinforcement learning

skills consequently comes with increased difficulty for inhibiting reflexive responses

to punishment or reward, and arguably lowering the threshold for sensation seeking

that may result in antisocial decision-making [81].

2.1.2 Altered Social Attitudes and decision-making

Taken together, the GSM and RST make useful predictions for the emergence of youth

antisocial behavior. The models help us arrive at the interpretation that increased

social strain through adversity and victimization can be expected to lead to elevated

BAS to avoid punishment and actively work to correct perceived sources of threat,

inequity, or unfairness. The BAS response to chronic strain is hypothesized to be

greater in adolescents, and thus to more easily inspire direct action to address the

sources of strain by approaching conflict head-on through violence or by side-stepping

civic rules and expectations to achieve goals – such as elevated financial or social

status. While this model may explain singular “heat-of-the-moment," or reflexive,

acts of social deviance, there remain missing elements if we are to project the GSM

+ RST onto a cognitive neuroscience schema that accounts for decision-making as a

sequence of events leading from perception, reward prediction error, belief updating,

planning, and action [27, 28, 153]. As commonly defined, delinquency is the decision

to behave in contradiction with conventional social values and does not occur as a
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reflexive decision made in the spur of the moment because of an overactive BAS.

For example, high school students that believe, "School is a waste of time!" will

decide to skip school and do what they believe is a better use of their time. This

point is illustrated by significant individual differences in antisocial behavior [87].

However, not all adolescents with elevated reward sensitivity and exposure to strain

will commit antisocial acts. Indeed, the majority of delinquent youth are males with

peer relations including other males that have similar attitudes regarding normative

social values and civic responsibility [89]. Thus, the decision to engage in deviant

social behavior must, in most cases, be preceded by altered social values and moral

judgements [134]. In other words, the cognitive substrate of acceptable social behavior

must be internalized, whether fully fleshed out or vaguely conceptualized, prior to the

formation of an intention leading to social deviance [103]. In line with this hypothesis,

social attitudes have indeed been reliable predictors of antisocial behavior in youth

[139]. Answers to questions such as “I think guns are cool and make you feel powerful

and strong," or “I do not think that society will give me what I deserve," may provide

a distinction between delinquent and non-delinquent youth who are both at risk due

to strain and over-active BAS. This updated conceptual model, which incorporates

social attitudes, is especially useful because it explicitly formulates social deviance

as an outcome of a decision-making process embedded in a cognitive system that

integrates social, affective, and perceptual information to update normative social

beliefs about the world and what constitutes socially acceptable behavior.

2.1.3 From Social Strain, to Altered Norms, to Deviance

In summary, the age-crime curve may best be understood as a macro indicator of

social, neurocognitive, and developmental phenomena that interact to predict violence

at the individual level. The GSM and RST together provide a logical pairing to explain
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how social strain may interact with developmental cognitive-behavioral processes to

compound risk for adverse outcomes. However, a missing link for explaining deviant

social decision-making is the role of the formation of antisocial attitudes in the context

of social strain and adolescent cognitive development.

In this work, we track the trajectory of risk factors in the context of adolescent

cognitive development to test the relationship between GSM and RST. We then test

an extension of the GSM by including altered social norms as a precursor to deviance.

Models were assessed with data acquired at three time points (waves) from 141 youth

participating in the longitudinal Adolescent Development Study [49]. The Drug Use

Screening Inventory, Revised (DUSI-R) risk assessment battery was used to track the

contribution of BIS/BAS to deviant peer relations and school problems in adolescence

[140]. BIS/BAS scales were included as covariates of risk status at each wave of the

study and expected to contribute to risk trajectories estimated with latent growth

curve modeling. Baseline and rate of change in risk estimated across the first three

waves were tested as predictors of violence experience measured in the final wave of the

study. Initial risk status at the start of the study and subsequent rate of risk accrual

were expected to result in more prominent experiences of violence when adolescents

approached adulthood.

An extension of the GSM that includes the role of social attitudes as a precursor to

delinquency was evaluated by exploring paths from social strain that lead to deviant

social values and subsequent bullying and fighting behavior. First, latent factor esti-

mates of social safety and well-being, family and social support, violence experience,

and social norms and attitudes towards violence were used to obtain cumulative met-

rics of social strains and attitudes. Structural equation modeling was implemented

to test the causal effect of social safety and well-being on interpersonal relationships

and the consequences on violence experience and social deviance.
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Community adversity indicated by depressed social safety and well-being was

hypothesized to elevate composite strain through a negative effect on interpersonal

relationships and an enhanced risk for experiences of violence. Prominent experiences

of violence were expected to act together with social adversity to promote social

deviance and delinquent attitudes. Higher levels of anger and a lack of faith in positive

future life outcomes were anticipated to also contribute to the formation of antisocial

attitudes. Altered social norms in favor of delinquency were hypothesized to be reli-

able indicators of fighting and bullying behavior. We also expected to find a positive

effect of strain on drug and alcohol use - which may serve to strengthen perceptions

of social exclusion, due to the legal and cultural taboos surrounding recreational drug

use by minors.

This work explores whether youth at-risk for future violent outcomes can be iden-

tified early in development to support prevention research to address social adversity

and conflict in interpersonal relations for preventing the formation of social values

relating to delinquency and violence. Furthermore, we illustrate a cognitive neuro-

science approach to assess attitudes of acceptable social behavior and how it can

be used to distinguish youth at risk for future, intentional, repeat offending from

transient, impulsive, acts of delinquency.

2.2 Methods

2.2.1 Study Design

Volunteers were recruited fromWashington D.C., Maryland and Virginia communities

to participate in the Adolescent Development Study (ADS), a prospective longitudinal

study of neurodevelopmental factors underlying early substance use initiation, escala-

tion and the consequences of use on brain development (Figure C.1) [49]. Youth were
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enrolled in 2011 and, as of March 2020, have completed up to four waves of data col-

lection separated by approximately 18 months between visits. Eligibility at wave one

(i.e., baseline) included the following criteria: ages 11-13 years old, right-handedness,

no history of neuropsychiatric disorders or recent head injuries, no self-reported use

of drugs or alcohol, and no direct Asian descent. Six participants were excluded at

baseline visit due to: substance use at baseline (N = 2), autism diagnosis (N = 1), and

high scores on ambidexterity measured with the Edinburgh Handedness Test (N =

3) [155]. Sociodemographic interviews with both the parent and youth, self-reported

youth drug use, and estimates of future violence proneness measured with the revised

Drug Use Screening Inventory (DUSI-R) [140] were collected in the first three waves.

The distribution of sex and race remained approximately constant throughout the

study (±0.5%) despite attrition. Participants were recontacted at wave four (average

age 18.80 ± 0.65 years) and completed an interview surveying experiences of vio-

lence in adulthood along with concurrent measures of mediating factors such as:

civic attitudes, family climate, peer relations, neighborhood health, victimization,

and perpetration of violence. The additional surveys were selected for high validity

from The Center for Disease Control’s Violence Prevention Compendium to capture

quantitative indicators of experiences of violence in adulthood along with relevant

environmental and social factors [31]. Participants were compensated $60 for comple-

tion of an in-person visit or online survey plus travel reimbursement. All youth and

caregivers gave their informed assent and consent prior to data collection and study

procedures were reviewed and approved by the Georgetown University Institutional

Review Board.
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2.2.2 Interview and Assessments

Eligible participants completed a series of questionnaires and interviews regarding eco-

nomic status, lifestyle, peer relations, social attitudes, neighborhood dynamics and

family life. Parents and/or primary guardians accompanied minors for their visit and

were interviewed privately in separate rooms to encourage faithful self-reporting. Legal

guardians and/or parents accompanying minors completed a questionnaire regarding

racial identity, economic status, education and information regarding the difficulty

of acquiring basic needs such as food, healthcare and housing. Socioeconomic Status

(SES) was calculated from these responses by z-scoring family household income,

averaging cumulative parent/guardian years of education, converting the average to

a z-score, and lastly averaging the income and education z-scores for the final SES

measure. Height and weight was measured to estimate normalized body mass index

(BMI). The Kaufman Brief Intelligence Test (IQ) was administered to derive stan-

dardized scores of verbal intelligence and performance on riddles and raven’s matrices

[70]. The Behavioral Inhibition (BIS), Approach Scale (BAS) was collected to measure

appetitive and avoidance components of personality: funseeking (BAS-FS), indepen-

dent drive (BAS-D) and reward responsivity (BAS-RR) [17].

2.2.3 Adolescent Violence Risk

Risk for future adverse outcomes (i.e., substance abuse, mood disorders, delinquent

behavior) and future violence proneness was measured with the DUSI-R in adoles-

cents from waves one through three [140]. The DUSI-R is composed of 159 binary

(“yes",“no") items grouped into 10 sub-scales: substance abuse, behavioral problems,

psychiatric disturbances, medical problems, family dysfunction, work problems, school

maladjustment, social skills deficiency, peer relationship problems, and maladaptive
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leisure and recreation activities. The DUSI-R Violence Proneness (DUSI-VP) scale

was calculated using items selected from the school (7 items) and peer relations (6

items) problems sub-scales to estimate the risk of experiencing violence, as a victim

or perpetrator, in adulthood [75]. The DUSI-VP is composed of items selected for

predictive ability of future life adversity such as: substance abuse, injuries caused by

fighting, car accidents experienced under the influence, risky sexual behavior, and

delinquency.

2.2.4 Experiences of Violence in Emerging Adulthood

The prominence of violence in the lives of wave four participants was assessed with

composite measures of violence experience including: general perceptions, direct

observations, victimization, and perpetration of violent acts at home, at school or

in the community within the last 12 months (Table Appendix 2-1). This instrument

was custom developed to specifically address the cumulative aspects of violence expe-

rience. Violence perpetration was assessed for both acts of self-defense and proactive

thrill-seeking or retribution. Coded responses (“Never" = 0, “Once" = 1, “Sometimes

(3-5 times)" = 2 and “Often (5+ times)" = 3) were summed and divided by the

total number of items in each of the four sub-scales: perception of violence (5 items),

observation of violence (5 items), violence victimization (5 items) and perpetration

of violence (6 items). The observation, perception and victimization sub-scales also

distinguish between generic and civil authority-related experiences of violence.

2.2.5 Social Safety and Well-Being

Measures of neighborhood disorganization, the prevalence of crime, availability of

community resources, and cohesion between community members were utilized to

estimate a social safety and well-being latent factor (SSWB) with confirmatory factor
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analysis. The neighborhood was defined as one city block measured from the home

address. The Neighborhood Resources instrument is composed of 20 binary true/false

statements used to calculate an average measure of Neighborhood Resources (NBR-

R), normalized to a value between 0 and 1 [145]. The NBR-R score indicates avail-

ability of grocery stores and public services such as libraries, community centers,

playgrounds and religious services. The Neighborhood Cohesion (NBR-C) scale con-

tained seven polarized statements (Disagree, No Opinion, Agree; coded −1, 0, and 1)

used to measure the sense of neighborhood belonging and the extent of shared values

with other neighbors. The NBR-C was scored by averaging responses to produce a

final score between −1 and 1 [101]. The Neighborhood Problems and Fear of Crime

instrument contained 26 items measuring Neighborhood Disorganization (NBR-D; 16

items), Fear of Crime (NBR-FC; 4 items) and Coping with Crime (NBR-CC; 6 items).

The NBR-D items contained ranked choice items (“Not a problem",“Somewhat of a

problem", “A big problem;" coded 0, 1 and 2) indicating the degree of perceived

problems in the neighborhood such as vandalism, racial tension, prostitution and

public illegal drug use. The NBR-FC and NBR-CC sub-scales both contained binary

True/False responses inquiring about the overall proliferation of neighborhood crime

and actions taken to avoid, or cope with, neighborhood criminal activity.

2.2.6 Family Climate and Social Support

Overall family climate and social support was approximated using four instruments:

Family Relationship Characteristics, Reactivity in Family Communication, Family

Conflict, and the Vaux Social Support scale. The Family Relationship Characteristics

survey contains 37 true/false statements on family environment categorized into six

sub-scales: cohesion (Fam-Co), beliefs about family (Fam-Bf), deviant beliefs (Fam-

Bd) and structure (Fam-St) [146]. The Reactivity in Family Communication and
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The Family Conflict and Hostility instruments were used to assess family climate on

a graded scale (Never, Rarely, Sometimes, Often, Almost always; coded as 0-4) to

generate the Family Reactivity (Fam-Rx) and Family Conflict measures (Fam-Cf)

[61, 143]. The Vaux Social Support instrument was collected to gauge extra-familial

social health and support status [154]. The Social Support scale (SS) was derived from

nine questions assessing the availability of emotional, practical and life support from

friends, teachers, and caretakers. Question responses were coded as 0, 1, or 2 (“Not at

all", “some", “a lot"). All described measures were scored by summing across coded

responses and dividing by the total number of questions to generate a normalized

score between 0 and 1 for each sub-scale.

2.2.7 Social Attitudes

Social attitudes were assessed with several instruments capturing normative beliefs

regarding gangs, guns, violence, delinquency, prospects of future social mobility, and

cooperative behavior. The Attitudes Towards Guns and Violence instrument was

used to measure aggressive response to shame (AGV-S), violence-inspired excitement

(AGV-E), comfort with aggression (AGV-A), and use of violence for power and safety

(AGV-P) collected over 23 survey items. Each measure was scored by averaging across

responses from the set of polar choices (−1, 0, and 1; “Disagree", “Not sure", “Agree")

corresponding to that sub-scale [123]. The Attitudes Towards Gangs survey is com-

posed of nine True/False statements on perspectives towards gangs [97]. Responses

(“Not true for me", “True for me") were coded as binary (0/1) and averaged across

items to generate a normalized score of Positive Attitudes towards Gangs (AG). The

Attitudes toward Delinquency Instrument consists of 22 items, each regarding the

social acceptability of either personal, or observed peer acts of delinquency. Ranked
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choice responses (“Not wrong", “A little wrong", “Wrong", “Very wrong") were numer-

ically coded (0-3) then averaged to produce the Aversion to Delinquency (ADQ) mea-

sure. The Peer Deviancy (PDV) scale is a graded measure of how many social relations

can be qualified as risky [105] obtained by averaging 10 ranked scale items (“None of

them", “Very few of them", “Some of them", “Most of them", “All of them") coded

on an ascending numerical scale from 0 − 5. Civic responsibility and awareness was

approximated with a modified Social Responsibility (SR) instrument [98]. The original

ranked polar responses (“Strongly agree", “Agree", “Disagree", “Strongly disagree")

were simplified for this study (“Agree", “No opinion", “Disagree") to avoid ambiguity

with overlapping scales and maximize distinction between pro- and antisocial per-

spectives. The Hopelessness instrument was used to measure despair in regards to

future prospects of social mobility using 16 questions with binary responses regarding

hopelessness and pessimistic sentiments of future life outcomes [71]. The scale was

scored by averaging across items to generate the Hopelessness measure (H). The Mod-

ified Aggression Scale was used to survey caring, cooperative, aggressive and bullying

behavior using 22 items grouped into four sub-scales: Fighting (MAg-F), Bullying

(MAg-B), and Anger (MAg-A). Respondents completed questions regarding the fre-

quency of scenarios related to fighting, anger and cooperative behavior by choosing

between five ranked options indicating: “No opportunity", “Never", “1 or 2 times", “3

or 4 times", “5 or more times" [15]. Each scale was scored and normalized by summing

across coded responses and dividing by the total number of items within that scale.

2.2.8 Statistical Analysis

Data were converted from double-entered paper records, and Qualtrics survey exports

into a coded tab separated value spreadsheet then consolidated into a single long-

format data frame containing an observation for each participant at each wave using
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R (Orange Blossom; version 1.2.5033 [107]). Descriptive statistics and assessments

of multivariate normality were performed with the Arsenal (3.5.0), MVN (5.8) and

DescTools (0.99.36) R packages [76, 125]. All variables were screened for normally

distributed residuals at each wave prior to including them in any models. Robust

non-parametric estimators were used for model fitting and statistical testing in the

case of non-Gaussian distributed variables and/or residuals. The DUSI-LIE scale was

used to identify and exclude participants with inconsistent, incomplete, or spurious

survey responses [33]. Sessions with LIE scale scores greater than six were excluded

from analysis. A total of thirty observations (18, 7 and 5 participants at waves one,

two and three) were excluded due to high and/or missing LIE scale data. Regular-

ized regression was implemented with R package glmnet (4.0-2) using leave-one-out

cross-validation for estimation of model hyperparameters and performed only on par-

ticipants with complete datasets at each wave [52, 53]. Features with non-normally

distributed residuals across observations were omitted; the remaining indicators vari-

ables were centered and scaled to generate a within-measure z-score across observa-

tions prior to fitting regularized linear models. The lavaan R package was used to

perform confirmatory factor analysis (CFA), growth curve model fitting, structural

equation modeling (SEM) and mediation path analysis [114]. Maximum likelihood

estimation with full information maximum likelihood (FIML) implemented in the

lavaan package was used to adjust parameter estimates for missing data [21]. Latent

factors were standardized for reporting purposes. The fit of models specified with the

lavaan package was assessed in a step-wise fashion, such that the minimum number of

freely-covarying parameter pairs were selected [119]. Bivariate parameter correlations

were sorted by modification indices (threshold > 5) and model fit reassessed after

the top pair was selected for free parameter estimation. Modification indices provide

an indication of strong collinearity between pairs of variables used to estimate factor
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loadings. By allowing free-estimation of collinear parameter pairs, we control for par-

tial correlations between variables, and ensure that each parameter in the model

provides a unique account of the total variance observed when assessing the fit of

the defined structural relationship (local independence principal; [128]). This way, we

only choose highly collinear parameters for partial correlation in order to minimize

the degrees of freedom absorbed during model specification. Goodness of fit of esti-

mated latent factor models and their structural relations was assessed using the Root

Mean Square Error of Approximation (RMSEA), the Comparative Fit Index (CFI),

and the Tucker-Lewis Index (TLI) [66, 72, 161]. Structural Equation Path models

were visualized with the semPlot R package (1.1.2).

2.3 Results

2.3.1 Adolescent Risk for Violent Outcomes

The DUSI-R Violence Proneness Scale (DUSI-VP) of risk for future violent out-

comes in adulthood was driven by school problems and risky peer relations esca-

lating throughout adolescent development. DUSI-VP increased linearly from ages

11-18 years (r = 0.29, p < 0.001) and was lower for higher SES families (r = −0.17,

p < 0.001), suggesting social advantage may provide a protective effect against vio-

lence risk in adolescence. Youth at elevated risk were significantly more likely to report

drug use in adolescence, measured at waves two and three (χ2 = 32.073, p < 0.001).

DUSI-VP did not significantly covary by race, sex, BMI or IQ. Greater scores on

the Drive sub-scale of the BIS-BAS instrument were correlated with higher DUSI-VP

scores (r = 0.17, p = 0.015), suggesting that violence risk may be related to tenacious

reward pursuit. A trending, but weak, bivariate correlation with violence proneness

was observed for the fun-seeking sub-scale of the BIS-BAS (r = 0.11, p = 0.10). No
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significant bivariate correlations with DUSI-VP were observed for the reward respon-

sivity or inhibitory sub-scales of the BIS-BAS. Regularized regression was used to con-

firm the contribution of each DUSI absolute problem density sub-scale to the DUSI-

VP measure. Multivariate analysis of normality identified non-normally distributed

residuals for the Work (Skew µ3 = 2.44; Kurtosis µ4 = 6.79) and Substance Abuse

DUSI sub-scales (Skew µ3 = 4.32; Kurtosis µ4 = 20.94), marking them for exclusion

from analysis. A regularized regression model with the least absolute shrinkage and

selection operator (LASSO; α = 1.0) was trained using wave one DUSI-R APD sub-

scales to predict DUSI-VP at waves two (R2 = 0.80) and three (R2 = 0.76) with high

fidelity. The top explanatory variables for DUSI-VP were revealed as school (β = 0.92)

and peer relations problems (β = 0.33). Of the remaining sub-scales, future DUSI-

VP was just weakly explained by the Health problems sub-scale (β = 0.024). School

problems were reported at higher levels with age (r = 0.21, p < 0.001), lower socioe-

conomic status (r = −0.24; p < 0.001) and lower BMI (r = −0.16, p = 0.012). Peer

relations problems increased with age (r = 0.22, p < 0.001) and exhibited a weak

trending relationship with BAS-FS (r = 0.13, p = 0.066). Risk for future health

problems exhibited weak but significant relationships with age (r = 0.12; p = 0.048),

SES (r = −0.17; p = 0.019), BAS-D (r = 0.17, p = 0.017), and BIS (r = 0.13,

p = 0.026).

2.3.2 Experience of Violence in Emerging Adulthood

The perception, observation, victimization and perpetration sub-scales of the Violence

Experience Survey (Table B.1) were revealed as indicator variables of a latent factor

estimate of cumulative violence experience (VExp) at wave four. The estimated latent

factor model returned a significant fit of the covariance structure compared to a

null model with 0 factor loadings between residual covariances (Table 2.3; CFI =
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0.99, TLI = 0.95; RMSEA = 0.028, p = 0.40). Modification indices revealed an

enhanced fit when allowing the perception and observation measures to freely covary

in the model covariance structure, signifying collinearity between perceptive notions

and direct observation of violence. In other words, greater observation of violence

at home, at school, or in the community was correlated with an elevated perceptive

sensitivity to environmental violence. The fitted model demonstrated victimization

and perpetration were unique, yet correlated, contributors to the overall experience of

violence. DUSI-VP was an accurate predictor of actual self-report of VExp assayed at

wave four. Females reported greater levels of VExp compared to males. No significant

relationship was found between VExp and SES, BMI, wave four drug use, BIS/BAS

sub-scales or composite IQ (Table 2.4).

2.3.3 Growth Curve Model of Violence Risk

The rate of change of adolescent risk for future violent outcomes proved to be a

reliable predictor of actual violence experience reported at adulthood. Latent growth

curve analysis returned a significant fit of the covariance structure compared to a

null model with 0 factor loadings between sampled predictors at each time point,

residual covariances, and the latent slope and intercept factors (Figure 2.1; CFI =

0.96, TLI = 0.92, RMSEA = 0.07; p = 0.32). The fitted model demonstrated an

average increase of 17.8% in violence risk over time when accounting for BIS/BAS

sub-scale scores at each time point, the effect of sex and SES on latent slope and

intercept estimates, and prediction of final outcomes of experiences with violence

at wave four (Tables 2.1, 2.2). Mean baseline risk did not significantly differ from

0, although significant variation in intercept was observed across participants (Z =

4.573, p < 0.001). Regression of SES on intercept and slope showed a significant

effect on baseline risk and change in risk over time. Socially advantaged youth started
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at lower pre-adolescent risk, but experienced a greater rate of risk accumulation as

they approached adulthood. However, SES did not covary with violence measured

at wave four. Adolescent drug use reported at waves two and three accounted for

approximately 40% of the increase in the rate of violence risk over time. No significant

effect of sex on latent slope or intercept was detected. The final outcome of experiences

with violence in early adulthood did not significantly depend on baseline risk but was

rather strongly effected by the rate of increase in risk with age.

2.3.4 Family Dynamics and Social Support

Composite family dynamics and extra-familial social support were important deter-

minants of self-reported experiences of violence by participants at wave four. Family

cohesion, positive and deviant family beliefs, family structure, reactivity in family

communication, conflict between family members, and presence of extra-familial social

support were revealed by CFA as indicators of a latent factor estimate of Family

Dynamics and Social Support (FDSS). The latent factor model was optimized with

free estimates of the covariance between social support and family reactivity, pos-

itive and deviant family beliefs, positive beliefs and cohesion, and lastly between

family structure and reactivity (Table 2.5). The estimated structural model was sig-

nificant compared to a null model with 0 factor loadings between the remaining

residual covariances (CFI = 0.99, TLI = 0.98; RMSEA = 0.042, p = 0.55). Greater

FDSS was characterized by elevated family cohesion, positive beliefs about family

dynamics, the presence of social support from friends and adults, and lower levels of

family conflict, disorganization, and reactivity. Family cohesion and positive beliefs

about family were strongly correlated and provided similar indications of overall pos-

itive family dynamics. Deviant social attitudes were inversely correlated with positive
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beliefs about family - suggesting that a healthy family dynamic is important for cul-

tivating pro-social attitudes in children. Greater reactivity in family interactions and

communication also resulted in elevated self-report of family conflict, which in-turn

was correlated to higher levels of extra-familial social support. Stronger FDSS at

wave four was predicted by lower adolescent risk for violent outcomes in adulthood,

lower levels of self-reported drug use in early adulthood, and found to be significantly

greater in males compared to females (Table 2.6). Elevated mean BAS-RR during

adolescence was predictive of lower FDSS levels measured in adulthood. SES exhib-

ited a trending predictive relationship with family dynamics and social support at

wave four (Z = −1.75, p = 0.079). No significant relationship was found between

composite IQ, BMI, BIS, BAS-D, or BAS-FS with FDSS. Lower FDSS was found to

be a strong predictor of violence outcomes as approximated by VExp, demonstrating

depressed social support, whether in the form of direct family relations or from out-

side influences, predicts elevated risk and greater self-report of violence experience in

adulthood.

2.3.5 Social Safety and Well-Being

Neighborhood adversity and stressful life events predicted elevated violence experi-

ence. Measures of neighborhood cohesion (NBR-C), resources (NBR-R), disorganiza-

tion (NBR-D), stressful life events (SLE), fear of crime (NBR-FC), and coping with

community crime (NBR-CC) were used as indicators of a Social Safety and Well-

Being (SSWB) latent variable estimated with CFA. The best fit latent factor model

included free estimation of the covariance between NBR-D and NBR-FC, and NBR-

CC and NBR-FC. The fitted structural relations were significant compared to a null

model with 0 factor loadings between the remaining residual covariances (Table 2.7;

CFI = 0.98, TLI = 0.92; RMSEA = 0.071, p = 0.26). SSWB was characterized
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by greater community cohesion, lower levels of community disorganization and strife,

lower reporting of stressful events, and less fearful perceptions of crime in the neigh-

borhood. Greater disorganization and community problems such as public drug use,

prostitution, homelessness and vandalism was correlated with elevated fear of crime.

Elevated fear of crime resulted in modification of daily activities to cope with per-

ceived threats of crime in the community. Females reported significantly lower SSWB

compared to males, suggesting female respondents were more likely to report threats

of crime and community problems. Depressed SSWB was correlated with greater levels

of drug and alcohol use, suggesting that elevated environmental stress promotes drug

use. Lower average BMI during adolescence was found to result in a lower level of

SSWB in adulthood. SSWB was not predicted by socioeconomic status, composite IQ,

or BIS/BAS sub-scales. A lower SSWB score predicted significantly elevated VExp,

indicating that self-reported environmental stress, proliferation of crime, and neigh-

borhood problems are concurrent with more profound experiences of violence (Table

2.8).

2.3.6 Social Norms and Deviancy

The sub-scales of the Attitudes towards Guns and Violence (AGV-S/E/A/P), Peer

Deviancy (PDV), Aversion to Delinquency (ADQ), Attitudes toward Gangs (AG),

and Social Responsibility (SR) were found to be indicator variables of the Social

Norms and Attitudes towards Violence (SNAV) latent factor (Table 2.9; CFI = 0.924,

TLI = 0.848; RMSEA = 0.80, p = 0.074). Modification indices revealed collinearity

in a subset of the indicators, which was accounted for in the model fit by partial

correlation between PDV and AG, ADQ and PDV, AGV-A and ADQ, AGV-P and

ADQ, AGV-P and SR, and lastly AGV-E and PDV. The fitted covariance structure

revealed higher reporting of peer deviancy was related to positive perceptions of gang
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membership, acceptance of delinquent behavior, and greater excitement regarding

gun ownership and use; demonstrating that deviant peer relations may normalize the

acceptability of delinquent attitudes and behavior. Greater comfort with aggression

and beliefs that gun proliferation promotes social safety was indicative of negative

attitudes towards delinquent behavior, indicating that support for the use and owner-

ship of guns is related to strong self-identification with pro-social normative behavior.

This finding was corroborated with elevated social responsibility and civic duty as pre-

dictive of the belief that gun proliferation promotes social safety. Greater SNAV was

predicted by a higher DUSI-VP score in adolescence, more prominent experiences of

violence, and significantly greater drug use in early adulthood (Table 2.10). Males

reported significantly greater SNAV compared to females, in line with population

sex-differences of delinquency rates. Lower average BIS in adolescence was predictive

of elevated SNAV in adulthood. No significant relationship was found between SES,

Composite IQ, or the BAS sub-scales and SNAV.

2.3.7 Cascading Social-Strains Effect Social Deviance

The cumulative effect of social-strain from community adversity, dysfunctional inter-

personal relationships, and elevated experiences with violence resulted in modified

attitudes toward civil social-norms and delinquency. Structural equation modeling

was implemented to test two complementary paths leading to altered normative social

values (Table 2.11). First, social well-being was expected to protect against cumula-

tive violence experience through beneficial effect of a healthy community on positive

family climate and flourishing interpersonal relationships. Second, the acceptability

of social deviance and delinquency was expected to be driven by environmental social

stressors mediated by violence experience. The fitted structural models showed a sig-

nificant total effect through both paths from social strain leading to pro-delinquent
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attitudes (Table 2.12; CFI = 1.00,TLI = 1.071; RMSEA < 0.001, p = 0.878, total

model path fit Z = −5.105, p < 0.001). The first path from external factors of social

strain (SSWB), through family and social relationships (FDSS), and leading to expe-

riences of violence revealed a significant total mediation of SSWB inhibiting VExp

both directly and through support of the protective effect of FDSS (total mediation

effect Z = −4.96, p < 0.001). Violence experience was elevated with greater environ-

mental social-strain and fragmented social support; factors that served to enhance

vulnerability for confrontation with violence at home, at school, or in the community.

The second path from environmental social-strain to social deviance, through vio-

lence experience, revealed a significant total mediation effect (Z = −4.6, p < 0.001)

showing SSWB had direct (Z = −3.96, p < 0.001) and, indirect effects on SNAV,

mediated by VExp (Z = −1.82, p = 0.069). Civic awareness and responsibility was

shown to be less relevant in the absence of social well-being; while experiences of,

and coping with, violence was a more prominent feature of daily life. Social deviance

toward delinquent behavior was indicative of higher reports of bullying and physical

acts of violence (Table 2.13). Hopelessness for attainment of future life goals was a sig-

nificant predictor of SNAV, supporting that goal-blockage may motivate deviance. No

relationship was found between anger (MAg-A) and SNAV. The two path analyses,

together, from social adversity, through fragmentation of interpersonal relationships,

and consequent experiences of violence, were found to chart significant paths leading

to social deviance. No significant direct or indirect relation was found between FDSS

and SNAV, indicating the relation between environmental strain and social deviance

cannot be ameliorated through only improved interpersonal relationships.
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2.4 Discussion

The transitional period between adolescence and emerging adulthood is a risk

traversal process with high chance of experiences leading to violence, social exclusion,

and altered normative social values preceding civic deviance along the lifespan trajec-

tory. The General Strain Model (GSM) and Reinforcement Sensitivity Theory (RST)

together have been used to explain the etiological underpinnings of elevated social

deviance and delinquency during emerging adulthood. RST draws from cognitive

neuroscience models of adolescent neurobehavioral development to call attention

to the relevance of developmental disparities in the reinforcement learning system

for understanding elevated social deviance in adolescents compared to adults. The

GSM builds on RST through a framework in which elevated social strain in the

form of depleted community resources and health, social exclusion, and experiences

with violence interact with an overactive Behavioral Approach System (BAS) and

underdeveloped Behavioral Inhibition System (BIS) to facilitate changes in social

expectations, punishment avoidance, and the pursuit of corrective action – some-

times through direct conflict. However, not all youth experiencing elevated strain

and developmental BIS/BAS imbalances will embrace social deviance and engage in

delinquent behavior. This is evidenced by the gender differences in delinquency [87],

the dissociation between delinquency and SES holding strain constant [160], and the

controversy of IQ as a predictor of delinquency [91] and inconclusive relationships

with race [42]. As noted in the literature, the GSM + RST does not provide a

complete framework for cognitive neuroscientists pursuing a mechanistic model of

antisocial behavior from perception to action.
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2.4.1 Altered Social Norms Facilitate Violence Perpetration

The decision to engage in deviant social acts, such as delinquency or general acts

of violence, may first occur with the consolidation of moral beliefs that motivate or

justify impulsive decision-making to achieve goals such as elevated social or financial

status. In this model, the formation of a socially deviant belief structure precedes the

commitment to antisocial behavior. In accordance with this hypothesis, developmental

studies of youth violence have reported significant developmental gender differences

in moral judgements. Younger male delinquents score lower on instruments of moral

cognition [139], underscoring civic attitudes as an important piece in any model of

adolescent social deviance and delinquency [134]. In this work, we extended GSM

+ RST to account for individual differences by including altered normative social

values as a precursor to bullying and fighting behavior. The results illustrated social

strain cascades from community adversity to fragmentation of interpersonal relation-

ships; lowering the threshold for experiences of violence and driving the formation of

antisocial attitudes overwhelmingly in adult males exhibiting significantly depressed

BIS during adolescence. Supporting this hypothesis, elevated despair and loss of faith

in social systems measured by the Hopelessness scale was revealed as a significant

predictor of altered social norms. The GSM predicted anger would also contribute

significantly, however no statistical relationship was found between social attitudes

and self-reported anger in the sampled population. Altered normative social values

were found to directly influence fighting and bullying behavior, suggesting that per-

petration motivated by deviant moral beliefs may reinforce a cascading feedback loop

starting from 1) strain to 2) violence experience, to 3) altered moral judgement, before

finally 4) becoming an intentional agent of violence. Importantly, our results show that

many risk factors for future violent outcomes manifest in adolescence. Future violence
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prevention programs may be improved by targeting risk factors early in development

prior to the formation of an antisocial disposition and mitigating the slippery slope

to repeat offending.

2.4.2 Charting Developmental Risk Trajectories

Growth curve analysis identified the rate of change in violence risk during adolescence

was not related to developmental changes in the BIS/BAS but significantly effected

by socioeconomic status. Individual trajectories of violence risk from ages 11-21 were

charted along with measurements of the BIS/BAS scale to assess the contribution of

maturational imbalance between punishment aversion (BIS) and avoidance through

reward seeking (BAS) to age-related risk accrual. The sampled population revealed

an average 17.8% increase in risk for future violence experience (DUSI-VP) at each

wave. Baseline DUSI-VP was significantly higher for youth from financially disadvan-

taged and low education households and did not covary with sex. The rate of change

in violence risk was found to accelerate over time with elevated drug use and to be

significantly higher for youth from financially advantaged households. These results

suggest that although lower SES youth start off at elevated risk, youth from protected

and privileged environments show an acceleration of risk as they approach adulthood

and drug use in adolescence significantly contributes to this acceleration. Importantly,

the findings validate the DUSI-VP by demonstrating average DUSI-VP risk and rate

in change of risk from ages 11 to 18 are accurate predictors of actual experiences in

violence measured in early adulthood. No effect was found between the baseline risk

latent factor at ages 11− 14 in wave one and empirically observed actual experiences

of violence in wave four, when adolescents were emerging into adulthood. Thus, the

latent growth curve model results suggest early adolescent risk may be initialized by

socioeconomic status but that baseline risk does not inform outcomes in emerging
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adulthood. The DUSI-VP metric was decomposed by sub-scale and the most impor-

tant contributions to adolescent vulnerability for violence experience in adulthood

were revealed to be risky peer relations and school and health problems. Youth from

economically disadvantaged and less educated households were more likely to report

greater school and health problems, reinforcing the significance of social adversity for

driving vulnerability to violence experience. The BAS-FS scale exhibited a relation-

ship between risky peer relations and sensation seeking, supporting the predictions of

RST.

2.4.3 Limitations of the BIS/BAS

Although average group effects showed a significant linear correlation between tena-

cious reward pursuit (BAS-D) and DUSI-VP, latent growth curve analysis did not

reveal a significant contribution of BIS/BAS to violence risk over time. In other words,

although group average DUSI-VP generally increased with BAS-D on average, no evi-

dence was found to support within-subject changes in violence risk being explained

by age-related change in BIS/BAS sub-scales. All BIS/BAS scales were found to be

surprisingly constant with age within-participants. Participants that scored high on

BAS scales at the onset of the study, between ages 11-14, were likely to score simi-

larly at the third wave in the study between ages 16-18. Although initially surprising,

this might explain the discrepant findings and poor fits of BIS/BAS self-report scales

with age [100]. We conclude that while the BIS/BAS instrument may provide a rough

portrait of generic internalizing/externalizing behavior, it was not a reliable indicator

of actual developmental mechanisms underlying age-related changes in reinforcement

learning and cognitive control.
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2.4.4 Signatures of Social Strain in Emerging Adulthood

Confirmatory factor analysis was utilized to estimate different components of social

strain at wave four to test predictions of the GSM. Social strain was modeled as

a cumulative interaction of direct and indirect pathways leading from community

health, to interpersonal relationships, experiences of violence, altered social values,

and subsequent perpetration of violence. Path analysis revealed healthy communities

and cohesive neighborhoods exhibit a beneficial effect on interpersonal relationships

both within and outside of the family. Social safety and well-being was overwhelm-

ingly decreased in females compared to males and strongly predicted both violence

experience and elevated drug use in early adulthood. Greater drug use may be a

coping response to the loss of positive reinforcement or to cope with negative emo-

tions stemming from social strain. Males reported greater positive family dynamics

and social support compared to females, a surprising finding given the widespread

belief that females are more likely to nurture and maintain positive social relation-

ships. Although we cannot offer a satisfying explanation for this discrepancy with the

fielded metrics, we believe the significant effect of reward responsivity may provide

a clue. Specifically, males with elevated BAS-RR may be more likely to impress and

seek social affirmation, whereas females may find more difficulty in negotiating family

dynamics and interpersonal problems in emerging adulthood. Overall experiences of

violence were summarized with confirmatory factor analysis as a heightened percep-

tion of violence in the neighborhood, greater victimization, and elevated perpetration

of violence – either for thrill seeking or to protect oneself or others. Greater acceptance

of delinquency, lower civic responsibility, higher comfort with aggression and the use

of guns were strongly driven by experiences of violence. Deviant social attitudes were

predicted by greater levels of drug use in emerging adulthood and lower behavioral
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inhibition measured with BIS and greater average DUSI-VP in adolescence. Initial

violence experience is considered as a strong precursor to future perpetration. Confir-

matory factor analysis included both victimization and perpetration as components

of violence experience a priori because of the well-known correlation between victim-

ization and perpetration, making it very difficult to disentangle the two as noted by

GSM proponents [1]. Although we would have liked to further explore distinctions

between violence perpetrated in self defense or in aggression, our study did not have

significant power to dissociate individual differences. Nonetheless, confirmatory factor

analysis corroborated the unique contribution of both violence victimization and per-

petration to the overall experience of violence. Higher levels of social support and

healthy family dynamics were found to be protective factors against experiences of

violence and indirectly mediated an inhibition of the formation of antisocial attitudes.

Elevated social support did not, however, directly offset the formation of antisocial

attitudes. Direct intervention by dampening environmental strains, in addition to

providing social support to offset experiences of violence, are suggested to have the

strongest inhibitory effect on the formation of delinquent social attitudes.

2.4.5 Sex Effects of Social Strain and Outcomes

Sex differences were revealed at each step along the path from social adversity to

fragmented social support, to violence experience, and finally to the formation of

antisocial attitudes. Females reported significantly greater experiences of violence

compared to males, an effect that was exacerbated by the direct and indirect effect

of social well-being acting through fragmented interpersonal relationships on expe-

riences of violence. Although females were most likely to report greater experiences

of violence, males were more likely to exhibit an antisocial disposition in response to

elevated violence experience. Males exposed to violence were more likely to embrace
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social deviance and engage in fighting or bullying behavior compared to females. This

was found to be driven by a depressed inhibition system and pre-existing risk factors

that carry over from adolescence.

2.4.6 Conclusions

The present study describes how violence risk cascades from adolescence into adult-

hood through the exacerbation of pre-existing risk factors and the propagation of

social strains that may form a positive feedback loop between violence experience and

delinquency. Although the RST provides a useful schema for understanding youth risk

for violence, the BIS/BAS self-report instrument is not a statistically useful metric

of individual neurocognitive developmental trajectories. The present study should

encourage researchers to employ neuropsychological metrics in place of coarse surveys

like the BIS/BAS that are self-reported approximations of idiosyncratic differences

in internalizing and externalizing behavior. Sex effects in violence perpetration were

found to stem from differences in the effect of cumulative social strain on the health

of interpersonal relationships, experiences of violence, and the formation of antiso-

cial attitudes. Furthermore, we provide empirical support that mechanistic cognitive

models of delinquency are incomplete without accounting for the formation of moral

beliefs that precede intentional perpetration of violence. The current study is limited

in scope due to the small and geographically limited sample size. The described results

suggest a strong positive-feedback cycle of social strain acting on violence experience

and perpetration. However our current study only samples violence experience once in

early adulthood and does not control for lifelong victimization nor violent experiences

in adolescence. Future longitudinal studies can validate the results described here by

tracking young people that are naive to lifetime violence experience and follow the

evolution of their moral maturity into adulthood as they become exposed to strain.
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All in all, we anticipate the results described in this paper will provide a sturdy

foundation for extending cognitive neuroscience to help inform mechanistic models of

youth social deviance and delinquency and to aid the development of youth violence

prevention programs.
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2.5 Figures

Figure 2.1 Latent growth curve model of developmental violence risk. A
latent growth curve model was fitted to violence risk at each wave using the BIS/BAS
scales as covariates. A linear latent slope factor was defined with 0 weighting at wave
one, 1 weighting at wave two and 2 weighting at wave three, indicating that risk
should change linearly with time. A latent intercept value was held constant at 1
for each wave. Sex, SES, and Drug Use were tested as significant covariates of the
estimated slope and intercept. Slope, but not intercept, was found to predict future
experiences of violence measured at wave four. Estimated parameters and summary
statistics of the fit appear in Table 2.1.
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Figure 2.2 Structural equation model of paths leading to altered social
norms. Social safety and well-being (SSWB) was hypothesized to directly and indi-
rectly alter social norms by promoting healthy family dynamics and social support
(FDSS), protecting against experiences of violence (VExp), and inhibiting the for-
mation of proviolent attitudes (SNAV). All paths were significant from SSWB to
SNAV except the direct path from FDSS and SNAV. The contribution of anger and
hopelessness to SNAV was also estimated. Greater hopelessness resulted in greater
SNAV. No effect was found for Anger. Greater SNAV was related to elevated fighting
and bullying. Parameter estimates and summary statistics, including the estimated
coefficients for each mediation path, are included in Tables 2.11 and 2.12. Asterisks
denote significance (*** p < 0.001, ** p < 0.01, *p < 0.05).
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2.6 Tables

Table 2.1 Latent growth curve model of developmental violence risk mea-
sured by the DUSI-VP.

Latent Growth Curve Estimate Std. Error Z-value P(> ‖z‖) Std. Estimate

Latent Intercept -0.073 0.117 -0.620 0.535 -0.560
Latent Slope 0.178 0.068 2.608 0.009 2.570

Regressions

Latent Intercept
Sex -0.012 0.031 -0.374 0.708 -0.044
SES -0.064 0.018 -3.543 <0.001 -0.436
Drug Use 0.051 0.032 1.557 0.119 0.190

Latent Slope
Sex -0.019 0.020 -0.963 0.336 -0.135
SES 0.028 0.012 2.362 0.018 0.353
Drug Use 0.041 0.020 2.005 0.045 0.289

VExp
Latent Intercept -0.112 0.142 -0.789 0.430 -0.142
Latent Slope 0.343 0.170 2.025 0.043 0.234

The Drug Use Screening Inventory risk of violence proneness (DUSI-VP) scores from
waves one through three were used to fit intercept and slope parameters to a linear
growth curve model of developmental violence risk. The latent slope estimate revealed
a significant effect of the change in risk over time across waves (p = 0.009). The mean
baseline risk did not significantly differ from zero across participants, although signif-
icant variation was observed. The effect of socioeconomic status (SES), sex, and drug
use at wave four were included as regression covariates of latent slope and intercept.
Greater SES revealed lower baseline risk for violence (p < 0.001) and elevated rate
of risk accrual (p = 0.018). The rate of risk accrual also predicted drug use in wave
four (p = 0.045). No significant effect was found between baseline risk and either sex
or wave four drug use. Experiences of violence measured at wave four were found to
be reliably predicted by latent slope (p = 0.043) but not intercept.

38



Table 2.2 BIS/BAS covariates of DUSI-VP latent growth curve model.

DUSI-VP Covariates Estimate Std. Error Z-value P(> ‖z‖) Std. Estimate

DUSI-VP (Wave One)
BIS 0.004 0.004 0.877 0.381 0.072
BAS-RR 0.005 0.008 0.631 0.528 0.054
BAS-D -0.000 0.007 -0.033 0.974 -0.003
BAS-FS 0.011 0.007 1.525 0.127 0.166

DUSI-VP (Wave Two)
BIS 0.009 0.005 1.841 0.066 0.166
BAS-RR -0.012 0.009 -1.228 0.219 -0.112
BAS-D 0.003 0.008 0.426 0.670 0.043
BAS-FS 0.014 0.009 1.628 0.103 0.170

DUSI-VP (Wave Three)
BIS -0.008 0.005 -1.493 0.135 -0.141
BAS-RR 0.008 0.010 0.810 0.418 0.075
BAS-D 0.000 0.010 0.015 0.988 0.002
BAS-FS 0.003 0.010 0.281 0.779 0.030

The behavioral inhibition system (BIS), behavioral approach drive (BAS-D), behav-
ioral approach fun-seeking (BAS-FS), and behavioral approach reward responsivity
(BAS-RR) were included as covariates of DUSI-VP at each wave. The DUSI-VP was
compared to each of the BIS/BAS scales at each wave and no significant relation was
found.
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Table 2.3 Violence experience latent factor estimation.

VExp Latent Factor Estimate Std. Error Z-value P(> ‖z‖)

VExp-P 0.066 0.025 2.627 0.009
VExp-O 0.019 0.009 2.076 0.038
VExp-V 0.104 0.021 4.955 <0.001
VExp-PP 0.040 0.009 4.332 <0.001

Cumulative violence experience (VExp) was estimated with confirmatory factor anal-
ysis using the perception (VExp-P), observation (VExp-O), victimization (VExp-V)
and perpetration (VExp-PP) sub-scales of the Violence Experience Survey (CFI =
0.99, TLI = 0.95; RMSEA = 0.028, p = 0.40).

Table 2.4 Multivariate regression of violence experience.

VExp Covariates Estimate Std. Error Z-value P(> ‖z‖)

VExp
DUSI-VP 1.032 0.607 2.413 0.016
Sex -0.609 0.241 -3.792 <0.001
SES 0.007 0.102 0.069 0.945
BMI -0.047 0.043 -1.106 0.269
IQ -0.006 0.008 -0.748 0.455
BAS-D -0.011 0.031 -0.358 0.720
BAS-FS -0.012 0.039 -0.314 0.753
BAS-RR 0.057 0.042 1.373 0.170
BIS 0.028 0.022 1.283 0.200

Drug Use
VExp 0.004 0.015 0.239 0.811

Covariates of violence experience (VExp) were tested in a multivariate regression
framework. Elevated violence risk in adolescence predicted greater experiences of vio-
lence in adulthood. Females reported greater experiences of violence than males. No
significant relationship between VExp and BIS/BAS sub-scales, SES, BMI, or IQ was
revealed. Violence experience did not predict elevated drug use in wave four.
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Table 2.5 Family dynamics and social support latent factor estimation.

FDSS Latent Factor Estimate Std. Error Z-value P(> ‖z‖)

Fam-Co 0.091 0.011 7.940 <0.001
Fam-Bf 0.041 0.009 4.846 <0.001
Fam-St -0.179 0.014 -12.912 <0.001
Fam-Bd -0.103 0.019 -5.287 <0.001
Fam-Rx -0.175 0.020 -8.677 <0.001
Fam-Cf -0.075 0.011 -6.608 <0.001
SS 0.058 0.017 3.461 0.001

Normalized scores for latent factors were estimated with confirmatory factor analysis
to summarize family dynamics and social support (FDSS) measured with the Family
Cohesion (Fam-Co), Positive Beliefs about Family (Fam-Bf), Family Disorganization
and Structure (Fam-St), Deviant Family Beliefs (Fam-Bd), Reactivity in Family Com-
munication (Fam-Rx), Family Conflict (Fam-Cf), and the Vaux Social Support (SS)
scales (CFI = 0.99, TLI = 0.98; RMSEA = 0.042, p = 0.55).
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Table 2.6 Multivariate regression of family dynamics and social support.

FDSS Covariates Estimate Std. Error Z-value P(> ‖z‖)

FDSS
Sex 0.589 0.184 3.193 0.001
SES -0.190 0.108 -1.754 0.079
BMI 0.013 0.024 0.544 0.587
IQ -0.007 0.005 -1.337 0.181
DUSI-VP -1.735 0.518 -3.351 0.001
BAS-D 0.059 0.037 1.579 0.114
BAS-FS -0.024 0.040 -0.605 0.545
BAS-RR -0.098 0.046 -2.121 0.034
BIS -0.005 0.022 -0.220 0.826

Drug Use
FDSS -0.043 0.011 -3.824 <0.001

VExp
FDSS -0.220 0.067 -3.265 0.001

Covariates of family dynamics and social support (FDSS) were explored in a mul-
tivariate regression framework. Males reported greater FDSS compared to females
(p = 0.001). Greater average DUSI-VP in waves one through three was related to
depressed FDSS in wave four (p = 0.001). Elevated mean reward responsivity in
waves one through three predicted lower FDSS in wave four (p = 0.034). No signifi-
cant relationship was found between FDSS and SES, BMI, IQ, BAS-D, BAS-FS, or
BIS. Greater FDSS was a protective factor against drug use and violence experience
reported in wave four (p = 0.001).
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Table 2.7 Social safety and well-being latent factor estimation.

SSWB Latent Factor Estimate Std. Error Z-value P(> ‖z‖)

NBR-C 0.187 0.040 4.731 <0.001
NBR-R 0.018 0.019 0.917 0.359
NBR-D -0.031 0.019 -1.596 0.111
NBR-CC -0.045 0.015 -2.950 0.003
NBR-FC -0.021 0.017 -1.222 0.222
SLE -0.065 0.010 -6.160 <0.001

Normalized estimates for latent factors were computed with confirmatory factor anal-
ysis to summarize Social Safety and Well-Being (SSWB) using measures of neighbor-
hood cohesion (NBR-C), resources (NBR-R), disorganization (NBR-D), coping with
community crime (NBR-CC), fear of crime (NBR-FC), and stressful life events (SLE)
measured at wave four (CFI = 0.98, TLI = 0.92; RMSEA = 0.071, p = 0.26).

43



Table 2.8 Multivariate regression of social safety and well-being.

SSWB Covariates Estimate Std. Error Z-value P(> ‖z‖)

SSWB
Sex 0.607 0.203 2.994 0.003
SES 0.054 0.195 0.275 0.784
BMI 0.093 0.030 3.064 0.002
IQ 0.010 0.008 1.304 0.192
DUSI-VP -2.664 0.607 -4.388 <0.001
BAS-D -0.056 0.055 -1.030 0.303
BAS-FS -0.019 0.052 -0.357 0.721
BAS-RR -0.005 0.061 -0.081 0.935
BIS 0.013 0.034 0.375 0.707

VExp
SSWB -0.404 0.101 -3.978 <0.001

Drug Use
SSWB -0.053 0.016 -3.224 <0.001

Covariates of social safety and well-being (SSWB) were explored in a multivariate
regression framework. Females reported lower SSWB compared to males (p = 0.003).
Individuals with lower BMI also reported lower SSWB (p = 0.003). Greater mean
DUSI-VP measured from waves one through three predicted lower SSWB in wave
four (p < 0.001). No significant relationship was found between SSWB and SES, IQ,
or the BIS/BAS scales. Elevated SSWB was shown to have a protective effect against
cumulative violence experience (p < 0.001), whereas depressed SSWB predicted ele-
vated drug use in wave four (p < 0.001)
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Table 2.9 Latent factor estimation of social norms and attitudes toward
violence.

SNAV Latent Factor Estimate Std. Error Z-value P(> ‖z‖)

AGV-S 0.196 0.032 6.136 <0.001
AGV-A 0.340 0.054 6.329 <0.001
AGV-E 0.235 0.036 6.484 <0.001
AGV-P 0.263 0.050 5.207 <0.001
AG 0.019 0.010 1.892 0.059
PDV 0.014 0.013 1.041 0.298
ADQ -0.056 0.014 -4.013 <0.001
SR -0.277 0.039 -7.186 <0.001

Normalized estimates for latent factors were obtained with confirmatory factor anal-
ysis to summarize Social Norms and Attitudes towards Violence (SNAV) calculated
from the sub-scales of the Attitudes towards Guns and Violence which include: Shame
(AGV-S), Excitement with Violence (AGV-E), Aggression (AGV-A) and Power for
Safety (AGV-P). The Peer Deviancy (PDV), Aversion to Delinquency (ADQ), Atti-
tudes toward Gangs (AG), and Social Responsibility (SR) are also included as sub-
scales (CFI = 0.924, TLI = 0.848; RMSEA = 0.80, p = 0.074).
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Table 2.10 Multivariate regression on social norms and attitudes toward
violence.

SNAV Covariates Estimate Std. Error Z-value P(> ‖z‖)

SNAV
Sex 0.593 0.202 2.942 0.003
SES -0.012 0.136 -0.086 0.931
BMI -0.043 0.019 -2.272 0.023
IQ -0.003 0.007 -0.470 0.639
DUSI-VP 2.336 0.516 4.523 <0.001
BAS-D 0.018 0.047 0.380 0.704
BAS-FS 0.066 0.045 1.489 0.137
BAS-RR -0.020 0.063 -0.317 0.751
BIS -0.082 0.032 -2.547 0.011
VExp 0.329 0.121 2.726 0.006
Drug Use 2.800 0.753 3.719 <0.001

Covariates of the SNAV latent factor were evaluated in a multivariate regression
framework. Males reported greater antisocial and pro-violent attitudes compared to
females (p = 0.003). Lower BMI, lower average BIS, and greater average DUSI-VP
were predictive of greater SNAV (p = 0.023). Elevated violence experience and drug
use in wave four was indicative of altered social norms (p = 0.006). No significant
relationship was found between SES, IQ, BAS scales, and SNAV.
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Table 2.11 Structural equation model of latent factor estimates.

SEM Regressions Estimate Std. Error Z-value P(> ‖z‖)

FDSS
SSWB 0.350 0.063 5.580 <0.001

SNAV
SSWB -0.315 0.080 -3.965 <0.001
FDSS -0.025 0.061 -0.418 0.676
VEXP 0.163 0.072 2.263 0.024

VExp
FDSS -0.151 0.062 -2.441 0.015
SSWB -0.266 0.077 -3.446 0.001

Each latent factor estimate for family dynamics and social support (FDSS), social
safety and well-being (SSWB), social norms and attitudes toward violence (SNAV),
and cumulative experiences of violence (VExp) was inputted into a structural equation
model. Paths to SNAV starting from SSWB and moving through FDSS and VExp
were first tested with weighted parameter estimates of each pairwise regression. FDSS
was directly driven by SSWB (p = 0.001) and exhibited a protective effect on VExp
(p = 0.015). VExp was directly affected by SSWB (p = 0.001) and was significantly
related to variations in SNAV (p = 0.024). SSWB directly drove SNAV (p < 0.001).
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Table 2.12 Mediation analysis of paths to altered social norms.

Mediation Path Analysis Estimate Std. Error Z-value P(> ‖z‖)

Path 1 :: VExp
SSWB (direct) -0.297 0.076 -3.913 <0.001
FDSS (indirect) -0.060 0.029 -2.078 0.038

Total Path 1 Effect -0.357 0.072 -4.965 <0.001

Path 2 :: SNAV
SSWB (direct) -0.335 0.084 -3.962 <0.001
VExp (indirect) -0.045 0.024 -1.820 0.069
VExp (direct) 0.150 0.073 2.042 0.041
FDSS (indirect) -0.009 0.006 -1.457 0.145

Total Path 2 Effect -0.379 0.082 -4.604 <0.001
Total Path 1 + 2 Effect -0.439 0.086 -5.105 <0.001

Structural equation modeling was used to explore two complementary paths to altered
social norms represented as elevated SNAV. Path 1 showed a significant direct rela-
tionship from depressed social safety and well-being to elevated experiences of vio-
lence (p < 0.001) and indirect path to VExp through fragmentation of family and
social support (p = 0.038). Path 2 revealed elevated experiences of violence leading to
greater acceptance of antisocial behavior were effected directly (p = 0.041) through
depressed SSWB and weakly through indirect action (p = 0.069). Family dynamics
and social support was not found to have a direct, or indirect relationship with SNAV.
Depressed SSWB was the strongest determinant of antisocial disposition (p < 0.001).
The total effect of both paths leading from SSWB through FDSS to VExp and from
SSWB through VExp showed a significant full mediation (p < 0.001). This table
shows coefficient estimates of tested paths.
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Table 2.13 Normative social attitudes and perpetration of violence.

SNAV Regression Estimate Std. Error Z-value P(> ‖z‖)

SNAV
H 0.127 0.052 2.443 0.015
MAg-A -0.076 0.067 -1.147 0.251

MAg-B
SNAV 0.419 0.060 6.966 <0.001

MAg-F
SNAV 0.401 0.059 6.766 <0.001

Antisocial and pro-violent attitudes were elevated with greater Hopelessness (H; p =
0.015) but were not related to self-reported anger (MAg-A). Greater SNAV was related
to elevated bullying (MAg-B) and fighting (MAg-F) behavior(p < 0.001).
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Chapter 3

Introducing an Adolescent Cognitive Maturity Index and Tracking

Vulnerability in Emerging Adulthood

3.1 Introduction

Variation in maturational trajectories of adolescent neurocognitive development has

been hypothesized to contribute to adverse outcomes in the transition to adulthood,

such as experiencing violence. However, there remains a lack of consensus on the nor-

mative trajectory of cognitive maturation in adolescence. To address this problem,

we derived a Cognitive Maturity Index (CMI), to estimate the difference between

chronological and cognitive age predicted with latent factor estimates of inhibitory

control, risky decision-making and emotional processing measured with standard neu-

ropsychological instruments. Age prediction with latent factor estimates of cognitive

skills approximated age within ±10 months (r = 0.71). Males in advanced puberty

displayed lower cognitive maturity relative to peers of the same age; manifesting

as weaker inhibitory control, greater risk taking, desensitization to negative affect,

and poor recognition of positive affect. Elevated risk for future violent outcomes was

affected by delayed CMI and fully mediated by drive for achieving rewards, illustrating

adolescent maturation as a risk traversal process into young adulthood.
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3.1.1 Cognitive Development in Emerging Adulthood

The transition from adolescence to emerging adulthood is marked by the matura-

tion of core cognitive control skills required for adaptive social decision-making in

the execution of goal-directed behavior. These skills include active maintenance of

goal-related representations in working memory, task switching, inhibitory control of

reflexive behavior, weighing of risks versus rewards, and processing emotional con-

text [80]. The development of these cognitive skills during adolescence co-occurs

with increased sensitivity to reinforcement signals in the form of positive or nega-

tive outcomes during social and general task learning [68, 113]. Social signals, such as

facial expressions, have been demonstrated to attract automatic attention, modulate

hedonia, and serve as reinforcers of socially desired behaviors [133, 142]. Strong emo-

tional context during social reinforcement learning captures attention and increases

the speed and accuracy of learning new associations [112, 156]. Along this vein, sev-

eral complementary models of adolescent brain development describe adolescence as

a period of mismatch between the efficiency of cognitive control and affective salience

of reinforcers [20, 81]. These models are corroborated by behavioral and neuroimaging

evidence confirming that cognitive skills, and the brain regions that support them,

develop together during adolescence. However, the exact timing of neurocognitive

skills maturation and the interaction between cognitive control, risk taking, and emo-

tion processing is not yet fully elucidated [37, 124]. The Dual Systems Model claims

inhibitory control increases monotonically whereas reward processing is an inverted

u-shaped curve that briefly peaks in mid-adolescence and returns to baseline by adult-

hood. In contrast, the Maturational Imbalance Model proposes inhibitory control and

reward processing develop well into adulthood and that greater inhibitory control

may temper reward sensitivity by suppressing reflexive responses to hedonic stimuli.
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Neurophysiological and behavioral evidence supports both models. However, a key

distinction to help settle the controversy can be made by tracking the maturation of

cognitive skills from adolescence into emerging adulthood [129, 137].

3.1.2 Maturity and Risk for Violence

Epidemiological data clearly illustrate that growing up, in-and-of-itself, is the greatest

risk factor for a non-health related adverse outcome throughout the lifespan [150]. In

2008, approximately 60% of youth under the age of 17 had experienced assault, sexual

abuse, childhood maltreatment or either dating, domestic or community violence [44],

statistically portraying the transition to young adulthood as a formidable period of

vulnerability during development [12]. Several lines of research on biomarkers of age-

related change have demonstrated maturation is a complex transformational event

influenced by biological and environmental mechanisms, which can vary significantly

across individuals. Social adversity, in particular, has been shown to accelerate sexual

maturation [111], drive puberty-related epigenetic moderators of depressive symptoms

[138], engender developmental decreases in gray matter volume and corresponding

increases in white matter fractional anisotropy [56, 59], as well as alter development

of functional brain network topology [147] and cognitive skills [11, 88]. The matura-

tional timing of risk-reward processing and inhibitory control skills is hypothesized to

uniquely interact with the social pressures associated with achieving independence in

emerging adulthood. Elevated risk taking, tenacious reward pursuit, weak inhibitory

control and fluid social norm perceptions have been hypothesized to enhance the risk

of violence experience in young adulthood [60, 94]. Disruptions to a normative matu-

rational trajectory such as an over-saturation of negative reinforcers may overwhelm

cognitive control resources over time, consequently, leading to poor adjustment, anti-

social attitudes, and the increased likelihood of experiences of violence [67, 108].
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Criminology researchers have called attention to the importance of tracking develop-

ment to better understand paths leading to violence experience, but the connection

between models of adolescent cognitive maturation and the risk for adverse outcomes

has yet to be demonstrated [77].

3.1.3 Estimating Cognitive Age

Although existing models of adolescent cognitive development have been helpful for

understanding the transition to adulthood, a key missing aspect is a data-driven oper-

ational definition of neurocognitive age or maturity. A more precise definition has the

potential to help distinguish sources of variation in development and help translate

science for utilitarian social applications by identifying critical developmental windows

during which particular interventions may exert the greatest benefits [129]. Early bio-

logical models of age based on DNA methylation, transcription and telomere length

[7, 69], brain structure [5, 74, 82], and brain network oxygen metabolism [36, 106]

have exhibited significant success in predicting age and identifying individual devel-

opmental trajectories bench-marked against the average growth curve in the sampled

population. However, cognitive age prediction using theory-driven indicator variables

obtained from behavioral experiments has yet to be implemented.

3.1.4 Limitations of Model-Free Approach

The absence of a complete theoretical model of biological mechanisms underlying age-

related changes has been coincident with a proliferation of analytic techniques using

large numbers of features to extrapolate sample-specific effects [29, 115]. Common

methods for age prediction typically use big-data-driven approaches, involving the

collection of large amounts of data per individual, such as genome-wide RNA tran-

scription, or MRI measurements analyzed using hundreds of thousands of pair-wise
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correlations between voxels at discrete time intervals. These methods pose an issue

in that there are significantly more descriptive features per individual than there are

samples in the dataset (i.e., ’the curse of dimensionality’; p >> n, [141]) — a problem

that commonly leads to overfitting with standard linear regression. This issue is over-

come through the application of data reduction and variable selection techniques, such

as principal component analysis or regularized regression, that penalize or eliminate

redundant features [78]. Model-free techniques have been successful for predicting age

within an acceptable error range [23]; however, these models do not always lend them-

selves to interpretation because variable selection and data reduction can be biased

by their cost function, leading to overfitting [6], or confounded by collinear indicators

of age, such as motion in fMRI experiments [116].

3.1.5 Conceptual Prior for Modeling Maturity

A potential remedy for the curse of dimensionality in age prediction is to build models

with data derived from experiments designed to isolate and measure features of age-

related change. Currently, there are no applications utilizing behavioral tasks orig-

inally developed for testing dual-systems-type models with the goal of estimating

cognitive age in typically developing adolescents. Here, we describe a method for

computing a cognitive maturity index (CMI) using reaction time, task performance,

and other derived metrics from the Continuous Performance (CPT), Wheel of Fortune

(WOF), Emotional Face Recognition (EFR), and Temporal Delay Discounting (TD)

tasks collected in the Adolescent Development Study [49]. The social utility of CMI is

demonstrated by using estimated cognitive maturity as a causal predictor of risk for

violent outcomes in emerging adulthood. First, confirmatory Factor Analysis (CFA)

is used to estimate directly unobservable latent cognitive factors predicted to change

with age during adolescence; such as inhibitory control, risk/reward processing, and
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emotion recognition. The interaction between factors is tested in a structural equa-

tion model (SEM) and latent factor estimates of cognitive skills used as predictors in

a regularized regression model to predict age. The CMI is defined as the difference

between observed and predicted cognitive age for each participant and explored as an

indicator of developmental risk for violent outcomes in young adulthood. A high CMI

indicates accelerated cognitive maturity relative to the sample mean, whereas a low

CMI indicates a relatively lagging developmental trajectory. In our sample, low CMI

predicted elevated risk for future violent outcomes in puberty advanced males, which

was mediated by behavioral drive for achieving rewards. This work demonstrates that

predicting cognitive age using latent constructs is a promising technique that can be

scaled with larger neurocognitive datasets to generate more accurate population esti-

mates for adolescent neurocognitive maturity and further illuminate the interaction

between social context and trajectories of neurocognitive development.

3.2 Methods

3.2.1 Participants

A cross-section of early adolescent youth were recruited to participate in the Ado-

lescent Development Study (ADS), a prospective, longitudinal investigation of the

neurodevelopmental factors underlying early substance use initiation and the conse-

quences on brain development [49]. Youth (N = 141) from the Washington, D.C.

Metro area were enrolled in 2011 (Table 3.1). As of March 2020, participants have

completed up to four sequential waves of data collection separated by approximately

18 months. Eligibility at wave 1 included the following criteria: ages 11-13 years,

right-handedness, no history of neuropsychiatric disorders or recent head injuries, no

self-reported consumption of one or more units of alcohol or other substances, and not
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of direct Asian descent. A total of six participants were excluded following the base-

line visit due to: substance use at baseline (N = 2), autism diagnosis (N = 1), and

high scores on ambidexterity measured with the Edinburgh Handedness Test (N = 3),

[155]. Despite attrition, the distribution of sex and race remained approximately the

same throughout the study (+/- 0.5%). Participants were compensated and reim-

bursed for travel, when applicable. All youth and caregivers gave their informed assent

and consent prior to data collection and study procedures were reviewed and approved

by the Georgetown University Institutional Review Board.

3.2.2 Interview Procedure and Collected Metrics

Pre-screened, eligible participants were invited for an on-site visit at Georgetown Uni-

versity Medical Center to complete a series of questionnaires and interviews designed

to measure neurocognitive developmental traits and capture social and family life.

The accompanying primary caregiver was interviewed in a separate room and asked

to complete a questionnaire regarding economic status, education, and the difficulty

of acquiring basic needs such as food, healthcare, and housing [14]. Socioeconomic

Status (SES) was estimated from these responses by converting the family’s household

income to z-scores, averaging both guardian/parents’ years of education, converting

the average to a z-score, and lastly averaging the income and education z-scores for

the final SES measure [86].

3.2.3 Anthropometrics

Adolescents had their height and weight measured and completed a pubertal devel-

opment scale [16] to measure body-mass index (BMI) and physical changes with age

at each wave. Pubertal development scores were derived from self-reported reported

changes in height, body hair, complexion, vocal pitch, breast size, and menarche.
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Respondents responded with: “has not yet begun,” “has barely begun,” “is definitely

underway,” or “is complete” for each puberty related physical feature queried by the

instrument.

3.2.4 Instruments

Risk for future adverse outcomes (i.e., substance abuse, mood disorders, delinquent

behavior) and future violence proneness was measured with the revised Drug Use

Screening Inventory (DUSI-R; 153 items) in waves one through three [140]. The DUSI-

R is composed of ten sub-scales: substance abuse, behavioral problems, psychiatric

disturbances, medical problems, family dysfunction, work problems, school malad-

justment, social skills deficiency, peer relationship problems, and maladaptive leisure

and recreation activities. A set of ten items designed to detect spurious responses (i.e.,

choosing no for all questions to speed through the visit) are nested within the instru-

ment, composing a lie scale for identifying outlier response patterns. Participants

with a cumulative lie score > 6 are excluded as their responses are considered to be

inaccurate and/or invalid [33]. Here, the DUSI-R was used to compute a metric for

Violence Proneness (DUSI-VP) — an estimation of the risk of experiencing violence

in early adulthood, either as a victim or perpetrator [75]. The Violence Proneness

metric reflects the average of the school (seven items) and peer relations problems

(six items) sub-scales. All participants were also assessed for verbal and performance

IQ using the Kaufman Brief Intelligence Test (KBIT), [70]. Finally, adolescents com-

pleted The Behavioral Inhibition System/Behavioral Activation System (BIS/BAS)

Scale to provide a measure of appetitive and avoidant behavioral tendencies [17]. The

BAS is divided into three sub-scales measuring funseeking (BAS-FS; four items, ex.

"I will often do things for no other reason than that they might be fun."), inde-

pendent drive (BAS-D; four items, ex. "I go out of my way to get things I want")
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and reward responsivity (BAS-RR; five items, ex. "When I get something I want, I

feel excited and energized") used to measure self-reported idiosyncratic differences in

temperament and personality underlying reinforcement sensitivity [26].

3.2.5 Neurocognitive Tasks

Participants completed the Continuous Performance andWheel of Fortune tasks while

undergoing functional MRI (Siemens Tim Trio 3T Scanner) during waves one through

three. Stimuli were projected onto a screen and reflected into the participant’s field

of view using a mirror. Participants responded using fiber optical button boxes. The

Emotional Face Recognition and Temporal Discounting tasks were completed outside

of the scanner on a laptop in a private behavioral testing room. The Facial Emotion

Recognition Task was administered with E-Prime 1.2. All other neurocognitive tasks

were built and presented with the E-prime Stimulus Presentation Software Version

2.0 [118].

3.2.6 Continuous Performance Task (CPT)

The continuous performance task was used to measure impulsivity and inhibitory

control of reflexive actions [64]. Participants viewed five blocks of 30 letters pre-

sented one-at-a-time for a 200ms duration (150 total trials). Each block was sep-

arated by a "cool-down" period in which a gray fixation cross was presented for

1300ms. Participants were instructed to press the right-hand button box as quickly

as possible for all letters except “Q”. The lure "Q" appeared 27 times in the task.

The sequence of letters was the same across all participants. Signal Detection Theory

metrics were utilized for analyzing CPT behavior [135]. ’Hits’ were defined as correct

button presses to target letters and ’Misses’ as failure to respond to a target letter.

’False-Alarms’ were defined as an incorrect response to the the lure "Q", whereas
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’Correct Rejections’ were defined as correct inhibition of response. Discriminative sen-

sitivity to lures was measured by the d′ variable, d′ = φ−1(Hits)−φ−1(FalseAlarms),

and response-bias calculated by utilizing the natural log-transformed beta estimate,

β = 0.5 ∗
[
φ−1(FalseAlarms)2 − φ−1(Hits)2

]
; where φ−1 is the inverse probability

distribution function [50].

3.2.7 Wheel of Fortune Task (WOF)

A modified version of the Wheel of Fortune (WOF) task was administered to test

propensity of risk-taking and gambling strategies [39]. The task was divided into

three runs of 30 trials. In each trial, a "wheel" appeared on the screen that portrayed

the probabilities of winning different amounts of virtual money. Participants were

instructed to select between large monetary gains with a low probability (high-risk)

or small monetary gains with high probability (low-risk) and indicated their choice

using button boxes placed in their left and right hands (corresponding to choice

of the left and right sides of the wheel, respectively). Winning probability varied

pseudo-randomly between a 10 : 90% split (occurring 32 to 42 times of a total 90

trials) and a 30 : 70% split (occurring 48 to 58 times). The quantities of money

assigned to the left and right side of the wheel varied between a $1 - $9 for the low

risk choice or a $2 - $18 split for the high risk choice, when the wheel was split

10 : 90. The quantities similarly varied between $3 - $7 or a $9 - $21 split when the

wheel was divided 30 : 70. These values and proportional assignments assured that

the expected value (EV) appeared equal for a winning selection independent of risk

(e.g., 30% chance of winning $7 =$2.10 EV vs. 70% chance of winning $3 = $2.10

EV). Spatial position of the rewards varied evenly, with the larger reward appearing

on each side 50% of the time. The wheel was visible until the participant made

their selection, or for a maximum of 3000ms, followed by a 3000ms delay after which
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feedback was presented indicating whether the participant had won or lost the selected

dollar amount, along with their cumulative winnings up to and including that trial.

Participants automatically lost the higher dollar amount if no decision was made

before 3000ms had elapsed. Each run began with a 6000ms fixation, and the inter-

trial interval was varied based on a Poisson distribution between 2500 to 10000ms.

The total quantity of money won or lost would be reset to $0 at the beginning of

each run. Participants were encouraged to improve upon the amount they won in

the next run. Participants were encouraged to respond as if their gains and losses

were real, however no real money or physical reward was given. Task performance

was analyzed using the probability of high vs. low risk decisions, the reaction time to

make those decisions and the cumulative winnings at each run. Anticipatory responses

were defined as trials < 200ms reaction time and discarded from analysis as outliers.

3.2.8 Emotional Face Recognition Task (EFR)

Participants viewed 70 photographs (grayscale images, 284 x 351 pixels, resolution =

96 dpi) from the NimStim dataset, which includes images of twenty-nine professional

actors aged 21-30 years (12 female, 17 male, 14 European-American, 10 African-

American, 3 Asian-American 2 Latino-American) instructed to pose for expressions

of seven emotions: happiness, surprise, sadness, anger, disgust, fear and neutral [148].

To prepare for the task, participants were presented showcards with labels of each of

seven emotions and asked to describe each of the emotions followed by a practice trial

for each emotion. For each trial, a photograph appeared for a maximum duration of

5000ms along with seven labels for each of the emotions. Participants were instructed

to click on the emotion with a mouse to advance to the next trial. The image dis-

appeared after 5000ms and labels remained until a response was made. Trials were

separated by an inter-trial interval of 3000ms, during which time participants viewed
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a white screen. No actor was shown with the same emotion more than once. The accu-

racy and reaction time for disgust, anger, sadness and fear were averaged together to

compose estimates of performance for recognizing negative emotion. Positive emotion

recognition performance was derived from reaction time and accuracy for happy faces

only.

3.2.9 Temporal Delay Discounting Task (TD)

Individual preference between small, immediate vs. large, delayed rewards was tested

by offering participants a forced choice between two options: "Would you rather have

$X now or $X + Y in Z days?" The delay of rewards, Z, was varied from zero,

one, two, ten days, 1 month, half a year and one year. The immediately available

amount, X, was determined using a random adjustment procedure that updated the

current choice based on previous choices. Immediate reward amounts varied from

$0.50 to $10 while the delayed reward value X + Y was fixed at $10. The propensity

for discounting the objective value due to delayed receipt was computed as the area

under the curve (AUC) using the trapezoidal method: AUC =
∑t=k

t=0(dt+1−dt)∗ (vt+

vt+1/2), where t is the current normalized delay point, k the maximum delay and v the

indifference value at that point [13, 96, 99]. Indifference points reflecting the subjective

value of the immediately available reward at a given delay were normalized to the

maximum award value of $10 and plotted across annualized time delays. As described

above, trapezoids formed by normalized subjective values at each normalized delay

contributed to AUC in the range from 0 − 1. A large AUC indicates participants

are more likely to prefer large but delayed rewards whereas a lower AUC indicates

preference for immediate gratification. In order to elicit behavior reflective of the

participant’s actual preferences, participants were informed that they would receive
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either a $5 or $10 reward based randomly on their choices in the task prior to the

task.

3.2.10 Statistical Analysis

Data were converted from double-entered paper records, Qualtrics survey exports,

and E-prime task outputs then consolidated into a single long-format data frame con-

taining an observation for each participant at each wave. Next, descriptive statistics

and assessments of multivariate normality were performed with the Arsenal (3.5.0),

MVN (5.8, [76]) and DescTools (0.99.36, [125]) packages in R version Orange Blossom

(1.2.5033, [107]). Participants with high DUSI-R Lie scores (N=23; Lie> 6) were

excluded from analysis [33]. Demographics for the excluded participants did not sig-

nificantly differ from the retained group. Scored neurocognitive and sociodemographic

measures were correlated with age to identify and confirm expected bivariate relation-

ships with development, including that of age-related changes in neurocognitive skills

as revealed by EFR, CPT, WoF, TD task performance. Confirmatory Factor Analysis

(CFA) was implemented with the Lavaan R package (0.6-6) to estimate latent factors

for inhibitory control, risk/reward processing, and emotional face recognition [114].

Latent factor analysis is a statistical method for estimating an underlying mechanism

that can only be indirectly measured through indicators derived from experimental

constructs [43]. Latent factor estimates are obtained by averaging the unique con-

tribution of each indicator variable after controlling for the shared variance across

indicators to satisfy the local independence principle [128]. The resulting estimate

is considered as a weighted combination of the residual covariance between indicator

variables used to approximate the inferred latent factor, where the correlation between

two indicator variables is permitted when they are both caused by the underlying

latent variable [25]. This approach serves to reduce the number of variables required

62



to model a hypothesized cognitive phenomenon and helps minimize the contribution

of residual error on tests of statistical inference; both useful and necessary require-

ments for building predictive regression models that avoid over-fitting with collinear

predictors. Maximum likelihood estimation with full information maximum likelihood

(FIML) was used to adjust CFA parameter estimates for missing data [21]. The latent

factors were standardized to allow for free estimation of factor loadings and post hoc

testing [65]. The model fit of the implied structural relationships was assessed with

χ2 Goodness of Fit referenced against a null model with 0 factor loadings, the Root

Mean Square Error of Approximation (RMSEA), the Comparative Fit Index (CFI)

and the Tucker-Lewis Index (TLI; [66, 72, 161]). Path and structural models were

visualized with the semPlot R package (1.1.2). The standardized latent factor esti-

mates of inhibitory control, risk taking and facial emotion recognition were used to

predict age with regularized linear regression models implemented in the glmnet R

package (4.0-2) using leave-one-out cross-validation for estimation of model hyper-

parameters and a 50% random split across participants between training and test

datasets [52, 53]. Cross-validated model performance was estimated by computing

the R2 from the mean cross-validated error divided by the variance of observed age

in the test sample across the regularization rate (λ) and penalty factor (α; 0 =Ridge

Regression, 0.5 = Elastic Net, 1 = Least Absolute Shrinkage and Selection Operator)

hyper-parameter estimates. The minimum λ at the highest R2 was used to calcu-

late regression coefficients in the training sample. The cognitive maturity index was

estimated as the difference in the observed and predicted age for each participant.
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3.3 Results

Latent Factor Analysis of Cognitive Metrics

3.3.1 Inhibitory Control

The inhibitory control latent factor (ICLF) was characterized by consistently careful

responses and greater target discrimination in the CPT, along with overall behavioral

caution measured by the BIS. The ICLF was estimated using the CPT response time

standard deviation, log transformed response bias, ln(β), target discrimination, d′,

and the BIS part of the BIS/BAS. Response time standard deviation was selected for

the model a priori because mean reaction time did not significantly vary trial-by-trial

across participants except at the beginning of a block. Additionally, participants were

instructed to press the response button as fast as possible and variations in responses

were typically only observed circa false alarm trials during which more cautious par-

ticipants would modify their pace to avoid errors. Task performance improved from

wave one to three independently of task learning effects. The fitted relations were sig-

nificant compared to a null model with 0 factor loadings between all measures, residual

covariances, and the latent variable estimate (Table 3.2; CFI = 1.0; TLI = 1.018;

RMSEA < 0.01, p = 0.91). Greater discriminative ability between false alarms and

targets was significantly inversely correlated to response bias (−0.46±0.14; Z = 3.36;

p = 0.001) and was associated with greater variation in response time to targets

(0.30 ± 0.09; Z = 3.36; p = 0.001), suggesting participants modified their behavior

and responded with more consistent timing as they learned the task (Figure 3.1). This

was corroborated by a strong linear relationship between d′ and the average response

time to targets ( 0.57 ± 0.05; Z = 12.11, p < 0.001). Response time variance to tar-

gets interacted inversely with false alarm response time to predict d′ (−0.08 ± 0.02;

Z = −3.35, p < 0.001) indicating that rapid response to early false alarms led to
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greater caution later in the task, resulting in overall improvement in target/lure dis-

crimination and CPT performance. Response time variation was uncorrelated between

target and false alarm trials (0.07±0.09; Z = 0.70, p = 0.48) demonstrating that each

provided a statistically independent contribution to ICLF. The significant contribu-

tion of the BIS to estimation of ICLF revealed that inhibitory control in the CPT

was also indicative of generic internalizing behavior and disposition towards caution.

The ICLF did not vary by sex, or BMI, but was found to significantly increase with

SES (0.267 ± 0.053; Z = 4.99, p < 0.001) and pubertal development (0.14 ± 0.06;

Z = 2.22, p = 0.03).

3.3.2 Risk Taking

The risk/reward evaluation latent factor (RRLF) was found to drive impulsive risk

taking and a preference for immediate rewards. The RRLF was estimated using prob-

ability of high risk decisions, cumulative winnings and response time in the WOF task,

and area under the curve of TD performance. Overall, RRLF was characterized by

greater risky decisions, moderate response time for high risk options, longer response

time for low risk decisions, significantly poorer cumulative winnings and stronger

propensity for immediate rewards in the TD task (Table 3.3). The model fit to the data

significantly improved by allowing free estimation of covariance between the proba-

bility of making a high risk decision and response time, and between low and high risk

response times. The fitted relations with these free parameters revealed a significant

fit of the covariance structure compared to a null model with 0 factor loadings between

all measures, residual covariances, and the RRLF estimate (CFI = 1.0; TLI = 1.0;

RMSEA = 0.005, p = 0.846). The estimate of the covariance between response

time and the probability of making a high risk decision revealed that risky decisions

occurred more quickly than carefully evaluated low risk options (−0.121 ± 0.031;
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Z = −3.849, p < 0.001). Overall, the RRLF was related to greater risk taking in the

WOF task, which resulted in poor cumulative winnings due to high probability of

loss and consequently running a negative balance. RRLF did not significantly covary

with sex, PDS, BMI, or SES.

3.3.3 Emotional Face Recognition

Performance in the EFR task was used to derive latent factors of positive and nega-

tive emotional face recognition (EPLF/ENLF). Latent factors were estimated using

the mean and standard deviation of response time and accuracy to recognize angry,

fearful, sad, or disgusted (negative) and happy (positive) facial expressions. The model

fit was improved significantly by permitting free covariation between mean reaction

time to negative and positive faces, negative and positive emotion recognition accu-

racy, and between standard deviation and mean response time for both negative and

positive emotions. The proposed model structure explained a significant proportion of

the covariance between task metrics and provided an excellent fit compared to a null

model (Table 3.4; CFI = 0.978; TLI = 0.942; RMSEA = 0.073, p = 0.115). Percep-

tual processing of positive emotional faces often resulted in correct emotion recogni-

tion, but was associated with generally longer and more variant time to recognition,

reflecting difficulty in distinguishing between happy and other facial expressions. Per-

ceptual processing of negative emotional faces often resulted in correct recognition

with quick and consistently low variation in recognition time. The structural equa-

tion model revealed perceptual processing performance for negative emotions was

inversely related to positive emotion processing (standardized estimate −3.44± 1.85;

Z = −1.86, p = 0.063). This result suggests participants generally tuned to facial

expressions of negative affect were more likely to exhibit more rapid and inaccurate

recognition of positive affect. ENLF, but not EPLF, was found to increase with SES
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(0.16 ± 0.07; Z = 2.11, p = 0.036) and BMI (0.04 ± 0.02; Z = 2.65, p = 0.008),

indicating youth from prosperous, more educated, households are more sensitive to

recognizing facial expressions of negative affect but do not possess comparable perfor-

mance on positive affect recognition. No significant relationship between ENLF and

sex or PDS was revealed. Greater physical maturation measured with PDS was related

to lower EPLF scores (−0.70±0.15; Z = −4.55, p < 0.001), indicating that physically

mature youth exhibit faster, less variable, recognition time and poorer accuracy for

happy facial expressions. No relationship between EPLF and SES, BMI, or sex was

found.

3.3.4 Structural Equation Model of Cognitive Factors

A structural equation model was constructed to explore the interaction between the

identified latent factors and their indicator variables (Figure 3.2). Significant covari-

ations were identified between the constituent cognitive latent factors compared to

a null model (CFI = 0.95; TLI = 0.93; RMSEA = 0.047, p = 0.64). ICLF was

found to significantly reduce RRLF, suggesting greater inhibitory control can curtail

a propensity for risk taking (−0.22± 0.10; Z = −2.16, p < 0.031). Greater inhibitory

control also predicted greater sensitivity to negative emotional faces (0.55 ± 0.26;

Z = 2.09, p = 0.037) and effected faster recognition time for all emotions at the

expense of recognizing happy facial expressions. As previously noted, elevated ENLF

was inversely correlated with EPLF. No relationship was found between RRLF and

negative or positive emotional processing.

3.3.5 Cognitive Maturity Index

Linear ordinary least squares regression was used to test ICLF, RRLF, EPLF, and

ENLF as predictors of chronological age to explore the utility of building a predictive
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model of neurocognitive age. Inhibitory control (0.72±0.01; Z = 7.50, p < 0.001) and

negative affect perceptual processing (0.35± 0.14; Z = 2.44, p = 0.015) significantly

increased in efficiency with age, whereas risky reward taking (−0.22±0.10; Z = −2.35,

p = 0.019) and positive affect recognition (−0.16 ± 0.10; Z = −1.52, p = 0.129)

declined. Ridge regression (α = 0, λ = 0.083) with latent factors predicted age in

a split-half test sample within a mean absolute error of ±10.11 months (R2 = 0.51;

Figure 3.3), significantly more accurately than by training on the original indicator

variables used to generate the latent variable estimates (R2 = 0.16). The difference

between predicted and observed age, defined as the cognitive maturity index (CMI),

was computed for each participant. A lower CMI value indicated delayed maturity and

a higher value indicated accelerated maturity of cognitive skills, relative to the average

development of in-sample youth at a given age. Greater CMI correlated with lower

BMI (Pearson’s R = −0.24, p < 0.001), slower pubertal development (R = −0.20,

p < 0.001), lower BAS-D (R = −0.16, p < 0.001), greater performance IQ scores

(R = 0.20, p < 0.001), and lower DUSI-R problem scale scores on: substance use

(R = −0.20, p < 0.001), health risk (R = −0.16, p < 0.001), and, lastly, risk for

violence (R = −0.28, p < 0.001). No significant relationship was found between SES

and CMI, or between any of the other BIS/BAS scales and CMI. Advanced pubertal

development (−0.67±0.089; Z = −7.47, p < 0.001) interacted with sex (−2.44±0.39;

Z = −6.21, p < 0.001) to predict greater CMI in more developed females compared

to males (interaction effect estimate 0.82± 0.16; Z = 5.30, p < 0.001).

3.3.6 Vulnerability for Future Violent Outcomes

Path analysis was implemented to test the hypothesis that tenacity for reward pursuit,

measured with the BAS "drive" subscale (BAS-D), mediated the relationship between

CMI and developmental violence risk from ages 11-18 (Figure 3.4). A full mediation
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between CMI, BAS-D, and risk for future violent outcomes was identified (Table

3.5). A higher CMI was associated with depressed BAS-D (−0.40± 0.14; Z = −3.73;

p < 0.001), which in turn interacted with elevated CMI to inhibit violence risk. A

post-hoc ANOVA revealed that lower EPLF (−0.020 ± 0.01; Z = −2.62, p = 0.009)

and lower SES (−0.36± 0.15; Z = −2.50, p = 0.01) independently predicted elevated

risk for future violent outcomes (F = 3.107, p = 0.002). No other latent cognitive

factor predicted risk independently, however a trending interaction between cognitive

latent factors was related to elevated risk (−0.014± 0.001; Z = −1.947, p = 0.052).

3.4 Discussion

The distinction between chronological and biological age has been explored in great

detail but not yet extended to account for different trajectories of neurocogni-

tive maturation during adolescence. The current study shows development of an

improved method for identifying behavioral hallmarks of cognitive development that

can be used to estimate population-relative maturity in adolescents and has sig-

nificant implications for predicting adverse life outcomes in emerging adulthood.

Theory-driven variable reduction was implemented with regularized regression for

optimized age-prediction accuracy (±10 months) than has been previously possible

with neuroimaging datasets (±1 year), which typically incorporate a massive number

of features, leading to overfitting [23, 51]. Estimated maturity was found to be a

significant effector of DUSI-R violence risk status in adolescence, an association that

was mediated by the behavioral drive for desired goals and rewards in the tran-

sition to adulthood. Youth at elevated risk were likely to live in less wealthy and

educated households and exhibit delayed maturity of cognitive skills such as lower

inhibitory control, desensitization to negative emotion facial expressions, and greater

69



risk taking. Significant sex differences in cognitive maturity and risk for violence

were driven by variations in pubertal development. More physically developed males

were more vulnerable to social strain and decision making leading to violence risk.

The observed outcomes underscore the importance of framing adolescent cognitive

development within the greater social environmental context.

3.4.1 Adolescent Cognitive Development

Models of adolescent neurocognitive development have reached a general consensus

that risk taking and cognitive control change significantly during the maturational

transition from childhood to adulthood [137]. However, agreement on the dynamics

and timing of this transition has remained elusive. The Dual Systems Model describes

maturation of cognitive control as a linear age-related increase that catches up over

time with the inverted u-shaped development of the reward system [136]. Elevated

risk-taking and reward sensitivity are considered to be transient events in the transi-

tion to adulthood before returning to a pre-adolescent baseline. In contrast, the Mat-

urational Imbalance Model suggests both the reward and cognitive control systems

develop exponentially over time, though at different rates, and reach a stable plateau

that continues into adulthood [20]. The early emergence of elevated risk/reward pro-

cessing is considered to be tempered by later maturation of cognitive control in

the Maturational Imbalance Model [130]. Further elaborations of these models have

included an additional emotional processing component that peaks mid-adolescence

and overwhelms cognitive control by enhancing the weighting of emotionally-salient

reward representations during decision-making [19].
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3.4.2 Latent Cognitive Factors

In this study, distinctions between the Dual Systems and Maturational Imbalance

models were explored by modeling cognitive skills, measured by a battery of neu-

rocognitive tasks, as unobserved latent factors. Behavioral data collected during per-

formance of the CPT, WOF, and EFR tasks were modeled with confirmatory factor

analysis to reveal latent factors illustrating inhibitory control, risk/reward processing,

and positive and negative emotion perceptual processing. Inhibitory control was found

to reflect greater proactive control of motor reflexes in a rapid response task along

with elevated decision-making, as measured by the BIS scale of the BIS/BAS instru-

ment. Inhibitory control did not differ by sex but was found to correlate positively with

SES, suggesting that the presence/absence of social opportunity may promote/temper

impulsive decision-making, respectively. Risk/reward processing was an indicator of

greater, more impulsive decisions to obtain immediate rewards —especially when per-

ceived losses were greater and high risk was present with high rewards. Risk/reward

processing was expected to be inversely correlated with SES, but no significant rela-

tionship was found in the tested sample. Structural equation modeling of the interac-

tion between cognitive latent factors showed elevated inhibitory control, resulted in

lower risky decision-making, demonstrating that a greater degree of inhibitory con-

trol causally effected a lower propensity for risk taking; providing support for the

Maturational Imbalance model. Inhibitory control was also correlated with greater

negative emotion perceptual processing skill, corroborating that adolescent cognitive

development is concurrent with a greater sensitivity to negative social reinforcers

(such as negative emotional context, or in this study faces of disgust, anger or fear;

[68, 113]). Negative and positive emotional face processing were found to be inversely

correlated - meaning that high sensitivity (fast and accurate responses) to negative
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emotions is related to fast and less accurate recognition of positive emotions. As with

elevated inhibitory control, sensitivity to negative emotions was found to be signif-

icantly greater in higher SES youth. This result supports predictions of RST —in

that a greater level of inhibitory control results in punishment avoidance measured

as sensitivity to negative social reinforcers, such as negative social signals in the form

of facial grimaces, anger, fear.

Overall, our approach demonstrates that latent factors underlying cognitive skills

development in adolescence can be estimated with standard well-validated cognitive

tasks and instruments. Structural equation modeling revealed significant interactions

between latent cognitive factors supporting the Maturational Imbalance model, where

inhibitory control is expected to increase monotonically with age while tempering

risk-taking into early adulthood. The results highlight the importance of including

cognitive processing of emotion in models of adolescent brain development. A norma-

tive development of inhibitory control was revealed to be concordant with emotion

recognition ability and sensitivity bias to perceptions of negative emotional faces.

Socioeconomic status was a significant covariate of cognitive skills development and

calls attention to the importance of attending to social environmental context in

models of adolescent cognitive development.

3.4.3 Decomposition of Cognitive Maturity

Latent factor analysis provided best estimates of cognitive control skills for building

a predictive model of adolescent neurocognitive maturity compared to the use of

standard behavioral metrics (i.e., response time, performance) for predicting age.

Improved estimation is credited to the minimization of measurement error through

enforcement of local independence during latent factor estimation. The interactions

between ICLF, RRLF, ENLF and EPLF were preserved as a function of age-related
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change. The CMI is a normalized estimate computed at each wave relative to the mean

expected age in the sample and thus is an indicator of maturity only in the context

of the sampled population. A greater CMI indicated more advanced development,

whereas a lower CMI suggested lagging development of cognitive skills relative to

the sample mean. Pubertal development (PDS) and sex were significant effectors

of cognitive maturation. Females exhibited earlier/faster pubertal development and

accelerated cognitive maturation (i.e., greater inhibitory control, less risk taking, and

emotion sensitization). Males with higher scale of physical development were more

likely to score higher on the BAS-D, a measure of tenacity and desire for achieving

goals and receiving rewards, and show delayed CMI compared to their peers.

3.4.4 Cognitive Maturity and Vulnerability for Violent Outcomes

Criminologists have identified violence risk status in adolescence to be tightly related

to age-related change. However there is no clear connection between the timing of

cognitive maturity and vulnerability for adverse outcomes. We explored the rela-

tionship between cognitive skills development and vulnerability by fitting a causal

structural equation model between estimated cognitive maturity, drive for rewards,

and adolescent risk for violence experience in adulthood. The relationship between

CMI and risk for violent outcomes was found to be fully mediated by the BAS-

D. This result suggests that elevated desire for obtaining rewards may increase the

violence risk for male adolescents exhibiting lower inhibitory control, elevated risk

taking and desensitization to facial expressions of emotion. Of the latent cognitive

factors, EPLF was the strongest predictor of DUSI-R risk for a violent outcome by

adulthood; where poor recognition of positive emotions correlated with a higher level

of risk. Our results call attention to the importance of dissociating physical from

cognitive development. Although males are more physically developed, they are not
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cognitively mature and thus may exhibit an elevated risk for adverse outcomes in

adulthood. Taken together, these results suggest the relative trajectory of cognitive

skills development may interact through socioeconomic status and sex separately to

influence the risk of adverse outcomes in adulthood and demonstrate the significant

implications of a maturity index for tracking adolescent vulnerability.

3.4.5 Conclusions

A lack of consensus regarding the dynamics of cognitive skills development and their

effect on adverse outcomes in emerging adulthood is compounded by the difficulty of

defining when adolescence ends and adulthood begins in regards to neurocognitive

development. In this work, we apply open-source statistical methods to provide a

simple first step for approximating individual-specific neurocognitive age with linear

latent factor modeling of inhibitory control, risk taking, and emotional face percep-

tual processing skills. Further, we demonstrate the translational utility of CMI as a

predictor of youth violence. This approach embraces the perspective that maturity is

best modeled as a relative factor and occurs along a continuum well into the early 20s.

In other words, estimations of the neurocognitive maturity of an individual should

take into account the contextual elements of their environment, peer-related influ-

ences, and psycho-social developmental history. Such a definition has exceptionally

vital social implications, most notably having been used as supporting evidence in

the 2005 Roper v.s. Simmons Supreme Court proceedings weighing against the death

penalty for minors. Significant work for determining and validating a population-

relative CMI would be required prior to application in the criminal justice system.

Even so, the cognitive skills trajectory of all developing youth must be carefully

assessed in regards their psycho-social history and current environmental context. In

this study, I demonstrate sample-relative estimates of maturity can be derived from
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behavioral performance on neurocognitive instruments and used to model risk factors

for adverse outcomes in adolescence. Future work can apply this method with larger

datasets, such as the ABCD project [18, 157], to better approximate a population esti-

mate of adolescent neurocognitive maturity. Fusion with neuroimaging data may also

serve to augment estimates by including biological mechanisms, to better delineate

interactions between environmental and biological contributions to cognitive skills

development.
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3.5 Figures

Figure 3.1 Signal detection analysis of the Continuous Performance Task.
Signal detection theory metrics were used to estimate discriminative sensitivity (d’)
and overall response bias (ln β) for targets versus lures in the Continuous Performance
Task (CPT). d’ increased linearly with higher probability of a Correct Rejection
(purple) and response to target (Hits, blue); and declined with greater False Alarm
responses (yellow) and Miss rate (red) to targets (top). The probability of a Correct
Rejection and response to target was a non-linear decreasing function of increasing
response bias (bottom). Greater False Alarm rates were indicative of elevated response
bias and lower target-lure discrimination.
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Figure 3.2 Structural equation model of latent cognitive skills. Structural
equation model of latent factors underlying inhibitory control (ICLF), risky reward
processing (RRLF), and recognition of positively (EPLF) and negatively salient emo-
tional faces (ENLF; RMSEA = 0.047, TLI = 0.926, CFI = 0.945). Inhibitory control
was observed to significantly lower risk-taking (p = 0.026) and recognition of both
negative (p = 0.007) and positive (p = 0.02) emotional faces. No significant rela-
tionship was observed between RRLF and EPLF/ENLF. The ENLF manifested as
fast and accurate responses to negative emotions, whereas EPLF was an indicator
of longer observation times leading to correct recognition. ICLF resulted in faster
observation time to all emotions but at the expense of recognition accuracy of happy
facial expressions whereas negative faces were quickly and easily recognized. Paths
are faded to indicate statistical significance and strength of association. Numerical
edge labels provide standardized estimates.
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Figure 3.3 Age prediction with latent cognitive skills estimates. Regularized
regression was used to estimate neurocognitive age in a training sample with leave-
one-out cross validation to estimate linear model hyperparameters (lambda = 0.083;
L2-norm ridge regression with alpha = 0) minimizing mean squared error for pre-
dicting age with inhibitory control, risk/reward processing and emotional processing
latent factors in a test sample (50% participants split into train/test datasets). Model
performance was assessed by computing the ratio between the mean cross-validated
error and variance of observed age in the validation dataset (R2 = 0.51). The neu-
rocognitive maturity index is computed by subtracting the predicted neurocognitive
age from the chronological age.
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Figure 3.4 Path analysis of the Cognitive Maturity Index and violence
risk. Path Analysis was used to test the hypothesis that delayed cognitive matura-
tion (CMI) leads to greater pursuit of rewards and desires (BAS-D), which, in turn,
mediates the risk for violent outcomes in adulthood (DUSI-VP) determined by CMI.
Pubertal development (PDS) and sex were significant covariates of cognitive mat-
uration. Males with more advanced physical development were more likely to show
delayed cognitive maturation (i.e., lower inhibitory control, greater risk taking, emo-
tion desensitization) compared to their peers. No significant effect was found between
sex and risk. A negative correlation between Sex and PDS shows females developed
earlier or more quickly. Higher SES was found to ward off violence risk in adolescence.
The structural model fit and full mediation (Z = -3.50, p < 0.001) was found to be
significant compared to a null model (RMSEA = 0.001, TLI = 1.070, CFI = 1.00).
Dashed lines indicate estimation of free covariant parameters determined by model
fit. Asterisks indicate significance.
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3.6 Tables

Table 3.1 Adolescent Development Study sociodemographics.

Wave One Wave Two Wave Three P(> ‖χ‖)

Sex 0.930
Female 65 (53.60%) 62 (54.50%) 60 (54.0%)
Male 57 (46.40%) 54 (45.5%) 48 (46.0%)

Race 0.918
White 65 (54.60%) 62 (55.40%) 61 (58.10%)
Black 37 (31.10%) 35 (31.20%) 29 (27.60%)
Hispanic 8 (6.70%) 5 (4.50%) 4 (3.80%)
Other 9 (7.60%) 10 (8.90%) 11 (10.05%)

Age <0.001
Mean (SD) 12.68 (0.76) 14.32 (0.82) 15.84 (0.80)
Range 11.11 - 14.00 12.41 - 16.12 13.87 - 18.01

BMI 0.004
Mean (SD) 21.01 (4.73) 22.00 (5.04) 23.14 (5.15)
Range 14.40 - 45.46 15.35 - 47.90 15.59 - 46.17

Composite IQ 0.380
Mean (SD) 110.66 (14.25) 108.03 (15.26) 109.02 (13.13)
Range 75.00 - 139.00 72.00 - 136.00 84.00 - 138.00

DUSI-VP <0.001
Mean (SD) 2.79 (2.05) 3.53 (2.50) 4.23 (2.76)
Range 0.00 - 9.00 0.00 - 10.00 0.00 - 11.00

80



Table 3.1 Adolescent Development Study sociodemographics. (continued)

Wave One Wave Two Wave Three P(> ‖χ‖)

BIS 0.395
Mean (SD) 20.12 (3.30) 20.34 (3.67) 20.78 (3.92)
Range 12.00 - 28.00 13.00 - 27.00 10.00 - 28.00

BAS-D 0.012
Mean (SD) 9.83 (2.55) 10.18 (2.42) 10.81 (2.37)
Range 4.00 - 16.00 5.00 - 16.00 5.00 - 16.00

BAS-FS 0.509
Mean (SD) 11.50 (2.39) 11.23 (2.25) 11.16 (2.29)
Range 4.00 - 16.00 5.00 - 16.00 6.00 - 16.00

BAS-RR 0.849
Mean (SD) 17.68 (1.67) 17.61 (1.82) 17.54 (1.97)
Range 14.00 - 20.00 12.00 - 20.00 13.00 - 20.00

Demographic, risk, and neuropyschological indicators assessed across development.
χ2 test revealed significant effects of Age, BMI, DUSI-VP and BAS-D across waves.
A total of 23 unique participants were excluded from summary statistics at any wave
due to high DUSI-LIE

Table 3.2 Inhibitory control confirmatory factor analysis.

Inhibitory Control Latent Factor Estimate Std. Error Z-value P(> ‖z‖)

CPT Target Discrimination (d’) 0.650 0.090 7.189 <0.001
CPT Response Bias (β) -0.503 0.124 -4.059 <0.001
CPT Hit RT Standard Deviation -0.913 0.115 -7.910 <0.001
CPT False Alarm RT Standard Deviation -0.371 0.085 -4.367 <0.001
Behavioral Inhibition System (BIS) 0.193 0.058 3.335 0.001

Normalized estimates for latent factors estimated with structural equation modeling
of inhibitory control using continuous performance task metrics and the behavioral
inhibition system scale. CFI=1.00, TLI=1.018, RMSEA=0.001, p=0.910
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Table 3.3 Risk/reward confirmatory factor analysis.

Reward/Risk Latent Factor Estimate Std. Error Z-value P(> ‖z‖)

WOF Percent High Risk Choices 0.703 0.087 8.106 <0.001
WOF High Risk Mean Reaction Time 0.158 0.060 2.648 0.008
WOF Low Risk Mean Reaction Time 0.433 0.073 5.971 <0.001
WOF Cumulative Winnings -0.899 0.076 -11.817 <0.001
Temporal Discounting -0.127 0.064 -1.974 0.048

Normalized estimates for latent factors estimated with confirmatory factor analysis
summarizing reward versus risk-taking in the Wheel of Fortune Gambling and Tem-
poral Delay Discounting tasks. CFI=1.00, TLI=1.00, RMSEA=0.005, p=0.846

Table 3.4 Emotion processing confirmatory factor analysis.

Negative Emotions Latent Factor Estimate Std. Error Z-value P(> ‖z‖)

EFR Accuracy 0.164 0.088 1.869 0.062
EFR Mean Reaction Time -0.451 0.128 -3.536 <0.001
EFR Standard Deviation of Reaction Time -0.302 0.085 -3.541 <0.001

Positive Emotions Latent Factor

EFR Accuracy 0.173 0.088 2.245 0.092
EFR Mean Reaction Time 0.310 0.132 2.702 0.048
EFR Standard Deviation of Reaction Time 0.235 0.093 2.818 0.042

Normalized estimates for latent factors estimated with confirmatory factor analysis
summarize emotional facial expression recognition task performance for positive and
negative emotions. CFI=0.978, TLI=0.942, RMSEA=0.073, p=0.115
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Table 3.5 Mediation model of maturity and violence risk.

Path Model Regression Estimate Std.Err Z-value P(> ‖z‖)

DUSI-VP
Sex -0.495 0.267 -1.856 0.063
SES -0.369 0.145 -2.538 0.011

(direct) CMI -0.597 0.133 -4.480 <0.001
(indirect) BAS-D 0.122 0.056 2.164 0.030

BAS-D
(indirect) CMI -0.376 0.132 -2.843 0.004

CMI
Sex -0.496 0.137 -3.634 <0.001
PDS -0.402 0.082 -5.088 <0.001

Mediation Parameters

Total -0.449 0.132 -3.392 0.001
Direct -0.376 0.132 -2.843 0.004
Indirect -0.073 0.034 -2.142 0.032

Mediation model of risk for violent outcomes in emerging adulthood. Regression path
estimates appear for the best fit model. Estimation of total, direct, and indirect
paths from CMI through BAS-D to affect DUSI-VP show significant total mediation.
CFI=1.00, TLI=1.08, RMSEA=<0.001, p=0.912
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Chapter 4

Cognitive Maturity Emerges with the Structural and Functional

Development of Prefrontal Cortex and Striatum

4.1 Introduction

Adolescents transitioning into adulthood exhibit well-known behavioral changes typ-

ically characterized as increased abilities to learn from example along with a con-

current sensitivity to the emotional content of perceived reinforcers [80]. Cognitive

neuroscience experiments demonstrate that these behavioral changes are accompa-

nied by measurable changes in brain structure and activity [19, 68]. The changes in

brain structure and activity during adolescence are associated with the consolidation

of reliably activated circuit paths through increased myelination and the disman-

tling of unused pathways [122]. The consolidation of neural circuitry and dismantling

of unused pathways results in decreased neocortex gray matter volume along with

increased myelination of white matter tracts reflected by fractional anisotropy (FA)

[56, 102]. Models of adolescent cognitive development specifically isolate the impor-

tance of the striatum and its downstream neocortical targets in the refinement of

inhibitory control, reinforcement learning and emotional processing in the precession

toward emerging adulthood [130].
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4.1.1 Striatal-Cortical Maturation in Adolescence

The importance of the striatum in prominent models of adolescent brain develop-

ment warrants an in-depth exploration of its structure and function. In this work,

structural and functional features of the striatum are used together to understand its

organization and activity with the rest of the brain. The striatum is composed of three

structural subdivisions: the nucleus accumbens, the caudate and the lentiform nuclei.

These divisions have in the past been performed arbitrarily [63], as these subcortical

nuclei exhibit non-distinct boundaries and substantial overlap in local cell projections.

However, Magnetic Resonance Imaging (MRI) of the striatum has revealed that the

different subdivisions also receive input from the neocortex topographically organized

by their point of origin [152]. The accumbens receives input from emotional processing

areas and projects out to limbic neocortical circuits. While the caudate is typically

synapsed by recurrent neural networks originating in higher-order prefrontal cortical

areas and terminating along the corpus and head of the caudate. Lastly the lentiform

is considered a site of sensorimotor integration, where motor, visual, and touch infor-

mation all converge, are updated with motor planning programs, and sent to the

cortex leading up to the execution of context-sensitive behavior [58]. During ado-

lescence, the activity of striatal-cortical networks is thought to more heavily weight

the emotions associated with reward prediction error and more efficiently transmit

this information to both executive and primary sensory areas [113]. In general, ado-

lescents are more likely to act on emotional impulse due to the absence of positive

reward or in order to avoid punishment or loss of reward. However, not all adoles-

cents mature at the same rate, as evidenced by significant variations in cognitive

skills development by puberty and sex. As described in Chapter 3, age-related indi-

vidual differences in behavior can be described as variations in maturity of cognitive
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skills and traits. In this work we improve upon the previously introduced Cognitive

Maturity Index by including MRI measurements of the brain as covariates for age

prediction with regularized regression. Neocortical volume, fractional anisotropy, and

striatal-cortical connectivity were explored as mediating variables of the relationship

between latent factor estimates of inhibitory control, risk/reward processing, and emo-

tional face recognition (Chapter 3). A Neurocognitive Maturity Index (NCMI) was

derived as the difference between predicted and chronological age. Lastly, the rela-

tionship between neurocognitive maturity and violence risk was updated to include

the NCMI. The results demonstrate convergence of brain metrics with behavioral

measures of cognitive maturity and associated life outcomes.

4.2 Methods

4.2.1 Participants

Youths and their parents were recruited from the Adolescent Development Study,

a prospective, longitudinal study on brain development and self-reported use of

drugs and alcohol. Eligibility participants included: 1) ages 11-13 years old, 2) right-

handedness, 3) no history of neuropsychiatric disorders or recent head injuries, and 4)

no self-reported use of drugs or alcohol 5) no direct Asian descent. Two participants

were excluded due to reports of substance use at baseline. One subject was excluded

due to a medical diagnosis post-enrollment. The first three waves (N=141/106/97)

consisted of sociodemographic interviews with the parent and child, child self-reported

drug, neuropsychological testing of risk-taking, planning, inhibitory control and emo-

tional processing, and structural, diffusion-weighted and functional MR imaging

(sMR/dwMRI/fMRI). Participants were compensated for completion of an in-person

visit.
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4.2.2 MR Procedure

Participants visiting our site from 2011-2018 were scanned using a research-dedicated

3.0 Tesla Siemens (Erlangen, Germany) Tim Trio whole-body MRI system with EPI

(echo planar imaging) capability located in the Center for Functional and Molecular

Imaging (CFMI), Georgetown University Medical Center. The gradient system has

40mT/m maximum strength with a slew-rate of 200T/m/sec. The RF-system includes

12 parallel receiver channels each with a 1MHz bandwidth. Foam padding was placed

around subjects’ heads to minimize movement during acquisition. Participants were

excluded from the MR scan if they exhibited claustrophobia, motion disorder or had

non-MRI-compatible metal implants.

4.2.3 sMRI Acquisition Protocol

High-resolution (T1-weighted) anatomical images were acquired using a magnetiza-

tion prepared-rapid acquisition gradient echo (MPRAGE) scan with the following

parameters: TR = 1900 ms, TE = 2.52 ms, TI = 900 ms, flip angle = 9°, FOV = 250

mm, 176 slices with a thickness of 1.0 mm, effective resolution = 1mm3, scan time =

4 min 18 sec. A total of 152, 132, and 138 structural images were collected at waves

1, 2 and 3, respectively, for a total of 422 T1w images, of which 80 were duplicate

runs repeated during the same image acquisition session.

4.2.4 Resting-State fMRI Acquisition Protocol

The blood oxygen level dependent (BOLD) signal was acquired while participants

rested in the scanner. Subjects were instructed to keep their eyes open while allowing
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their minds to wander, thinking about no one thing in particular. Whole-brain func-

tional images were collected (TR/TE=2280/30 ms, flip angle=90°, GRAPPA acceler-

ation factor=2 with 24 phase encode reference lines, 64x64 matrix, resolution=3mm3,

FOV=192 mm2, 43 slices no gap, slice thickness=2.5 mm, acquisition duration: 5:49

min).

4.2.5 dwMRI Acquisition Protocol

Diffusion weighted images were acquired whole-brain EPI acquisitions (TR/TE =

7500/87, bandwidth = 2264 Hz/Px, echo spacing = 0.53ms, 10:23min) with an in-

plane FOV of 240x240 mm2 and isometric voxel size of 2.5 mm3. The dwMRI sequence

was collected in the A-to-P phase encoding direction with 10 acquisitions of b=0, 10

directions with b=300, and 60 directions with b=1100, for a total of 80 volumes of

acquisition and 70 unique directions sampled in q-space (slice acceleration factor = 2

with 30 lines in phase space).

4.2.6 Image Preprocessing: sMRI

All 346 unique structural images from waves 1-3 were processed with the default

FreeSurfer pipeline which includes: Removal of non-brain tissue using a hybrid water-

shed/surface deformation procedure [120], automated Talairach transformation, seg-

mentation of the subcortical white matter and deep gray matter volumetric structures

(including hippocampus, amygdala, caudate, putamen, ventricles) [47, 48] intensity

normalization [126], tessellation of the gray matter white matter boundary, automated

topology correction [46, 121], and surface deformation following intensity gradients to

optimally place the gray/white and gray/cerebrospinal fluid borders [32, 45]. Com-

puted cortico-morphometrics include cortical thickness, curvature, sulcification, area

and volume. Repeated measures within subjects were utilized to generate an unbiased
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within-subject template across time points using robust, inverse consistent registra-

tion as part of the FreeSurfer longitudinal stream. The unbiased template is used

to inform skull-stripping, segmentation, registration and cortical parcellation signifi-

cantly increasing reliability and statistical power for detecting longitudinal differences

across subjects [109, 110]. Advanced Normalization Tools (ANTs version 2.2.0 built

on macOS) were utilized to test the effect of alternative processing streams on cortical

thickness estimation [4]. N4 Non-parametric Non-uniform Intensity Bias Correction

was implemented on raw images to more accurately remove the low frequency bias

field typically introduced by multi-channel head-coils in lieu of the default N3 algo-

rithm included in the FreeSurfer pipeline [151]. Corrected images were subsequently

denoised with a spatially adaptive Non Local Means (NLM) filter for removing signal

fluctuations correlated with a Rician Noise Model [85]. Template-based brain extrac-

tion was performed with ANTs using a probabilistic brain mask prior obtained from

36 manually cleaned structural images selected to approximate the image quality

distribution of the entire dataset. The manually cleaned images were warped to a

Study Specific Template (SST) and summed then divided by 36 to generate proba-

bility maps indicating the likelihood of a voxel being classified as brain or not. All N4

corrected and NLM denoised images were then warped to the SST and masked with

the probabilistic brain mask at a 0.50 threshold and morphologically dilated with a

1mm radius. Surface reconstruction with FreeSurfer was executed using the ANTs-

derived brain masks with expert options to prevent over saturation of deep brain

structures and white matter during the normalization step. Spatial maps of noise

estimates were retained and warped SST space for subsequent analysis and compar-

ison with cortical-morphometric error estimates. The MRIQC package was utilized for

computing the following image quality metrics (IQM): signal to noise ratio (SNR);

coefficient of joint variation (CJV), a measure where higher values indicate heavy
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head motion and large intensity non-uniformity artifacts; Mortamet’s quality index

1 (QI1), a proportion metric of intensity artifact corrupted voxels normalized by the

number of voxels in the background; Mortamets quality index 2 (QI2), a calcula-

tion of the goodness of fit of a chi-squared distribution on the air mask following

filtering of intensity artifacts; entropy focus criterion (EFC), an information theo-

retic metric where greater values indicate greater head motion related ghosting and

blurring; foreground-to-background-energy ratio (FBER) defined as the mean energy

values within versus outside the head; full-width-half-maximum (FWHM), a measure

of the spatial distribution of image intensity intensity values in units of voxels; and

the white matter tissue probability map (TPM) overlap between each session and a

pre-computed template. Cortical volume estimates of each brain ROI were corrected

for total brain volume and used for post hoc analysis [35].

4.2.7 Image Preprocessing: fMRI

Standard temporal and spatial preprocessing of images was performed in CONN

v19c using SPM12 for slice timing correction, realignment for head movement, co-

registration of functional and structural scans, spatial normalization to MNI152 space

[159]. sMRIs were segmented to create tissue probability maps (TPMs) of cere-

brospinal fluid (CSF), gray (GM), and white matter (WM). Individual TPMs were

averaged to create group maps. fMRIs were labeled as outliers for denoising if scan-

to-scan motion exceeded >0.9 mm or global signal change Z>3. A study-specific mask

(SSM) of the striatum was obtained by thresholding (p>0.01) the group GM TPM,

masking with a 7T-obtained sMRI atlas of the striatum [73] and manual editing

to remove non-striatal gray matter. Non-overlapping masks of CSF and WM for

removing physiological noise sources were created by masking each subject’s TPM

with the striatum SSM. Physiological confound modeling was implemented using the
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aCompCorr approach but with tissue specific masks confined to the the striatum

[10]. Confound modeling regressors included: 6 motion parameters and their first and

second derivatives, the first 12 PCA components in white and CSF masks and their

first derivatives and lastly mean global whole-brain signal. Residuals were retained as

cleaned data and filtered from 0.008 to the Nyquist limited frequency at 0.22.

4.2.8 Image Preprocessing: dwMRI

Diffusion weighted magnetic resonance images were converted into mrtrix3 compatible

files with phase encoding gradient and directions emebedded into the header to allow

for accurate phase distortion and eddy correction [149]. dwMRIs were registered to

the subject’s structural and masked for brain tissue, then denoised and corrected for

distortion and motion artifact. Tensor coefficients reflecting average direction of water

molecule diffusion within gray and white matter tissue were computed and used to

compute the fractional anisotropy (FA) at each voxel. FA values were averaged within

the Desikan-Killiany atlas and as covariates for post hoc analysis.

4.2.9 Functional Connectivity

Intrinsic connectivity of the striatum was estimated with mICA using intensity and

variance normalization, single-subject Singular-Value Decomposition (SVD), group-

level Principal Component Analysis followed by fastICA for IC estimation and GICA1

for estimating subject-level factor loading maps using the MELODIC version 3.15

(Multivariate Exploratory Linear Decomposition into Independent Components) and

masked ICA version 1.18 [8, 9, 92]. Left and right analysis masks were generated

from a probabilistic atlas of the striatum (p > 0.04) and masked functional scans were

smoothed at 4mm3 FWHM. Fifty-six components were retained for subject-level SVD

dimensionality reduction based on Akaike’s Information Criterion calculated with the
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GIFT toolbox v3.0a [38]. Model orders reproducible across subjects were identified

using split-half sampling with 500 repetitions across estimates ranging from 1 to 56

components. Split-half sampling estimates reproducibility by repeated random split-

ting of the subject pool into two groups, performing ICA over increasing model order

then calculating the cross-correlation between the matched components of the two

groups. Reproducibility analysis revealed a stable parcellation of 9 bilateral striatal

sources. Each striatal source was selected as a seed and partial correlation computed

with each of 200 neocortical ROIs defined from an a priori atlas [117] and regressed

with age to determine age-related changes in functional connectivity within each par-

ticipant across waves. Average effect sizes between each pair of striatal-cortical ROIs

was extracted and used for post hoc analysis. The network properties of striatal-

cortical connections was assessed with the Gephi packages and used to compute the

between-ness centrality metric to identify hubs.

4.2.10 MRI Data Quality Control

Expert raters assessed raw structural images using a scale of 0 to 5 for each of the

following factors: Wrapping, Clipping, Ringing, and Ghosting. Raters were instructed

to distinguish between minimal, moderate and major artifacts affecting just a local-

ized part of the raw structural image or distributed across the brain, affecting many

regions. The scale was defined such that 0 = no detected artifacts, 1 = minimal

artifact affecting local tissue, 2 = localized moderate artifact, 3 = moderate and dis-

tributed artifact, 4 = major distributed artifacts and where 5 = an unusable image.

QC ratings were used to select the best quality image if multiple scans were acquired

for a given subject within a given wave. The best quality run was determined as

the image with the lowest mean total QC score and error across editors. Only best

scans were used for cortical morphometrics and lower quality runs discarded. From
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the 422 total structural images, 76 repeated runs were filtered for quality yielding

140, 106 and 100 unique T1w images at waves 1, 2 and 3 (total = 346 unique time

points). The quality of brain masks, white matter masks and the brain surfaces gen-

erated by the FreeSurfer reconstruction pipeline were also assessed. Masked brains

were inspected for precision of brain tissue extraction where an image was scored 1

for a perfect extraction of brain only, 2 for liberal retention of non-brain tissue that

may be corrected by adjusting parameters for the skull stripping algorithm and 3 for

masks requiring manual cleaning due to ringing or ghosting artifact at the brain-dura

tissue boundary. White matter masks were scored simply on a 1-3 scale indicating a

‘little,’ ‘moderate,’ or ‘extensive‘ edits required. The white matter mask scores were

intended to prioritize editing order, saving the recovery of images requiring greater

time investment for last. White matter, pial and inflated surfaces were assessed simul-

taneously and all surfaces scored with a single value selected from a four point scale.

Only a single score for white, pial and inflated surfaces is necessary since defects in

the white matter surface will propagate to the pial and inflated surface and the degree

of the defect is best determined by inspecting all surfaces. The scale was defined such

that 1 = a perfect surface, 2 = discrete isolated defects in one or more specific areas

such as misclassification of non-brain tissue as brain, 3 = distributed defects that

extend across the surface and affects many regions, 4 = large distributed defects that

are difficult to correct such as wrinkling, rippling, roughness, omission of gray matter

or large inclusions of non-brain tissue, and where 5 indicates a completely unusable

image.

4.2.11 Data Quality Inspector Training

All raters were trained to assess the quality of raw and reconstructed data using

a sample dataset and manual with detailed instructions and examples. Training
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included a basic introduction to UNIX commands required for viewing images, gen-

erating summary statistics, parsing error logs, and job management using wrappers

included in the Surfer-gems package (https://seldamat/Surfer-gems.git). The Surfer-

gems package was developed specifically to decrease the learning curve for using the

command line tools required for structural MRI analysis. New raters were consid-

ered qualified to work with actual data if their ratings across any given quality con-

trol metric fell within the error range across expert raters (+/- 1.5). Quality control

training also included supervised instruction by an expert FreeSurfer editor to address

reconstruction errors and defects. Skull-stripped images were inspected and cleaned

by 5 trained editors. Any voxels visually identified as dura or skull but included as

pia mater by FreeSurfer were manually deleted. Control points were added when mis-

classified voxels were visually identified as white matter and local intensity around

the reconstruction error was significantly greater than 110. Data disbursement, prove-

nance tracking and expert training was configured as a decentralized system where

individual editors can be trained and obtain assigned data from any workstation con-

nected to the internet with appropriate server access privileges. Quantitative quality

control metrics were obtained using the Surfer-gems package to analyze statistics

reported in the reconstruction logs and generate volumetric summaries of edits per-

formed to gray and white matter projected on the corresponding surfaces.

4.2.12 Software and Hardware

All data was version controlled and distributed to editors using a centralized git-annex

repository (v7) located on a custom-built high performance computing cluster. Con-

figuration information for setting up and maintenancing the Sun Grid Engine on Mac

OS X can be found in the Voxel-Forge Toolkit (https://github.com/seldamat/Voxel-

Forge-Toolkit). Git-annex was utilized to synchronize file versions across distributed
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workstations, minimize local user computer storage use and to keep track of dataset

copies. All imaging files were version controlled using git v2.16.1 allowing every

manual edit to the original files to be documented. Each git commit message fol-

lowed the convention “<subject id> :: <note on quality and edits> (<recon-all com-

mand>).” The specific recon-all command to correct a specific subject’s errors was

included in the commit message to enable automated server-side git-hooks for auto-

matically reprocessing the data following a push to the remote. The messaging plat-

form Slack was used to maintain a forum for discussing artifacts, reconstruction errors

and to keep track of pushes to the central repository using a custom git-hook that

pushed each editor’s commit message to the specific channel used for quality con-

trol and editing. Cortical reconstruction and volumetric segmentation was performed

with the Freesurfer image analysis suite (v6.0), which is freely available for download

(http://surfer.nmr.mgh.harvard.edu/).

4.2.13 Statistical Analysis

Derived imaging data for brain volume and fractional anisotropy sampled on the

Desikan-Killiany atlas and functional connectivity values between striatal parcels and

BOLD time course sampled on the Shaeffer neocortical functional atlas were merged

into a long-format data frame with a single row for each participant at each wave. Age-

related patterns in brain volume, FA and connectivity were identified with bivariate

correlation of each measure with age across the sample, using the Holm correction for

multiple comparisons (p < 0.05). Brain volume and fractional anisotropy measured at

each atlas region-of-interest were used as predictors of latent factor estimates of cog-

nitive skills identified in Chapter 3 (inhibitory control, risk/reward assessment, nega-

tive and positive facial emotion processing) in a regularized regression model. Leave-

one-out cross-validation was implemented across 1000 iterations to identify lambda
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and alpha hyper-parameters that resulted in the maximal R2. Regularized regression

allows us to narrow the search space by eliminating redundant predictors that exhibit

significant collinearity and extract those brain features that best predict the cognitive

latent factor. Brain areas predictive of latent cognitive factors, as selected by regu-

larized regression, were used as indicator variables to derive latent factor estimates

of brain volume/FA/connectivity corresponding to each cognitive process with con-

firmatory factor analysis implemented in R package lavaan [114]. Structural equation

model was implemented to test whether brain development mediated the relationship

between each latent cognitive factor and age.

4.3 Results

4.3.1 Brain Volume Changes with Adolescent Development

Cortical volume was found to decrease across participants from ages 11 to 18 4.1.

The top ten most significant (p << 0.001) losses in cortical volume were found in

the left posterior cingulate (r = −0.30), left and right pars triangularis of the inferior

frontal gyrus (r = −0.21,r = −0.26), left and right rostral middle frontal gyrus

(r = −0.24,r = −0.25), left and right superior parietal cortex (r = −0.23,r = −0.22),

left and right cuneus (r = −0.24, r = −0.24), and the right banks of the superior

temporal sulcus (r = −0.21). Subcortical volume changes with age showed an opposite

effect compared to neocortical shrinking 4.2. The ventral diencephalon, (r = 0.22),

left and right pallidum (r = 0.32, r = 0.28), brainstem (r = 0.20) all exhibited the

most significant increases in volume with age (p << 0.001). The remaining areas

showing significant changes in volume with age are shown in Figures 4.1 and 4.2.
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4.3.2 Brain Fractional Anisotropy Increases with Adolescent Devel-

opment

The fractional anisotropy estimated from the diffusion weighted image tensor revealed

whole-brain age-related increases in constrained diffusion of water molecules. The

left and right pallidum (r = 0.35, r = 0.28), left and right rostral middle frontal

gyrus (r = 0.26, r = 0.28), left superior frontal gyrus (r = 0.29), left superior

parietal cortex (r = 0.29), left supramarginal gyrus (r = 0.29), caudal middle frontal

gyrus (r = 0.27), and left precentral gyrus white matter were the top ten areas

showing significant age-related increases in fractional anisotropy (p < 0.001). The list

of remaining significant changes in FA with age are shown in Figure 4.3.

4.3.3 Striatal Parcellation and Age-Related Connectivity

Masked Independent Component Analysis with split half sampling was applied on

wave one resting-state fMRI data and revealed 9 stable bilateral functional parcels

residing within the striatum (Figure 4.4). The parcels outlined the 1) bilateral shell

of the nucleus accumbens, 2) the core of the nucleus accumbens, 3) the dorsal head

of the caudate, 4) the medial head of the caudate, 5) the body of the caudate, 6) the

ventral lentiform nucleus, 7) the left centromedial lentiform, 8) the right centromedial

lentiform, and 9) the posterior lentiform nucleus. The extracted stable striatal par-

cellation was compared against striatal parcellations using probabilistic tractography

[152], functional connectivity with a cortical network prior [22], and an advanced

hierarchical gradient-based parcellation derived from 1000 participants in the Human

Connectome Project [144] (Figure 4.5). The mICA 9 component parcellation exhib-

ited greater sub-divisional resolution than the parcellations obtained with dwMRI

tractography and using a clustering algorithm with a cortical connectivity prior. The
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shell and core of the nucleus accumbens and medial vs dorsal head of the caudate were

much better resolved using the mICA parcellation compared to these two methods.

The mICA parcellation exhibited significant overlap with the hierarchical gradient

based parcellation. Within-striatum age-covariant connectivity was estimated and

revealed increased connectivity between the shell and core of the nucleus accumbens

with age (Figure 4.6). The medial head of the caudate showed decreased connectivity

with the core of the nucleus accumbens. The left and right centromedial lentiform

nucleus also showed increased connectivity with the posterior lentiform with age.

Connectivity of the striatal parcels with the 200 ROIs from the Schaffer functional

atlas revealed significant and distributed patterns of age related change in the default

mode, the frontal-parietal, the limbic, the ventral attention, dorsal attention, somato-

motor, and visual networks (Figures 4.7, 4.8). Looking at whole-brain connectivity

patterns for each striatal parcel, we found significant age-related effects. The shell and

core of the nucleus accumbens showed significant increases in connectivity with limbic

and default mode networks coupled with decreases in connectivity with dorsal and

ventral attention networks. Caudate parcels overwhelmingly showed increased con-

nectivity with frontal-parietal and default mode networks accompanied by decreased

connectivity with limbic and primary visual and somatomotor networks. In contrast

to the mostly selective age-related effects of the caudate and accumbens parcels, the

lentiform showed widespread complex variation in connectivity. Graph theoretic anal-

ysis revealed that the posterior lentiform exhibited significant betweenness-centrality,

receiving convergent input from the accumbens and caudate before relaying it to the

rest of the brain (Figure 4.9). The variance in connectivity of the posterior lentiform

with ROIs in the visual, somatomotor, frontal-parietal, dorsal attention, ventral atten-

tion, default mode, and limbic networks significantly decreased at each wave, reflecting

a fine-tuning of connectivity patterns with development.
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4.3.4 Latent Brain Volume Inhibitory Control Factor

Differences in brain volume were found to accurately predict the inhibitory control but

not the emotional face perception or risk/reward latent factors across participants.

Regularized regression with the least absolute shrinkage and selection operator was

used to identify the principal unique sources of variance in brain volume explaining

differences in inhibitory control, risk-reward processing, and negative and positive

emotional face recognition. The volume of thirty-eight out of the one hundred and

sixty four brain areas in the Desikan-Killiany atlas were identified as prominently

unique and significant covariates of inhibitory control skill (R2 = 0.30). Brain volume

across areas did not show any predictive linear relationship with risk/reward or emo-

tion processing. The top ten estimated coefficients explaining inhibitory control were

volume of the left accumbens, white matter of the right temporal pole, left choroid

plexus, middle posterior corpus callosum, the anterior corpus callosum, left and right

posterior cingulate, isthmus of the left cingulate white matter and the right pars tri-

angularis. The remaining indicators of inhibitory control included volume reduction in

the amygdala, prefrontal, primary visual, and inferior temporal cortical areas. Greater

volume in right anterior cingulate, the left caudate and parahippocampal areas were

found to predict elevated inhibitory control. Volume of the thirty-eight areas were

selected for confirmatory factor analysis to estimate a latent factor estimate of a brain

structure signature of inhibitory control. The structural model revealed a significant fit

compared to a null model with 0 factor loadings between all volume measurements and

the inhibitory control latent factor (CFI = 0.887; TLI = 0.87; RMSEA = 0.068).

Path analysis revealed a significant partial mediation of brain volume on the rela-

tionship between inhibitory control and age (direct = −0.156 ± 0.054; Z = −2.891,

p = 0.004, indirect = 0.026±0.016; Z = 1.673, p = 0.094, total effect = 1.135±0.080;
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Z = 14.201, p << 0.001). These results suggest that the development of inhibitory

control is effected by variation in brain volume. Post hoc tests revealed that greater

volume loss in males predicted greater inhibitory control performance compared to

females (estimated effect −0.29± 0.08; Z = −3.423, p < 0.001).

4.3.5 Latent Fractional Anisotropy Inhibitory Control Latent Factor

Variation in fractional anisotropy across participants was found to predict inhibitory

control processing skills but not reward processing, or emotional face perception.

Regularized regression with α = 0.0135 revealed thirty-nine brain areas that uniquely

explained the variance between fractional anisotropy and the inhibitory control latent

factor (R2 = 0.12). No significant relationship was found between whole-brain frac-

tional anisotropy and risk/reward or emotion processing. The top ten areas (caudal

middle frontal gyrus, right pars opercularis, right pars orbitalis, left rostral middle

frontal gyrus, left thalamus, right pre- and postcentral gyrus, left lateral occipital

cortex, ventral diencephalon, left superior frontal gyrus) showed greater fractional

anisotropy that predicted greater inhibitory control, suggesting that white microstruc-

tural properties are important covariates of cognitive skills. The thirty-nine areas iden-

tified with regularized regression for variable selection were used to estimate a latent

factor summarizing white matter microstructural properties underlying inhibitory

control. The structural model exhibited a good fit compared to a null model with

0 factor loadings between all sampled brain area fractional anisotropy values and

inhibitory control (CFI = 0.86; TLI = 0.83; RMSEA = 0.067). Path analysis

revealed a significant total mediation of white matter fractional anisotropy on the

relationship between inhibitory control and age (direct = −0.26 ± 0.049; Z = 5.34,

p << 0.001, indirect = 0.052±0.023; Z = 2.24, p = 0.025, total effect = 1.12±0.080;

Z = 13.98, p << 0.001). These results extend the basis of brain features that relate
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to inhibitory control in the developing adolescent brain. Greater fractional anisotropy

in critical prefrontal cortical areas underlying control of impulsive reflexes, motor

planning and motor action mediates the developmental relationship of inhibitory con-

trol with age. No effect or interaction of sex with FA-related inhibitory control was

revealed.

4.3.6 Latent Inhibitory Control Striatal-Cortical Connectivity

Factor

Patterns of striatal-cortical resting-state functional connectivity were revealed to

predict inhibitory control and emotional perceptual processing, but not risk/reward.

Partial correlation analysis of the inhibitory control latent factor and connectivity

between striatal parcels and cortical functional parcels identified ten significant

striatal-cortical pairs related to inhibitory control processing. The pairs included 1)

lentiform connectivity with limbic, dorsal attention and ventral attention networks,

2) the head and body of the caudate with visual and default mode networks, and

3) the shell of the nucleus accumbens with the default mode network. Confirmatory

factor analysis with these ten connectivity pairs was used to estimate an inhibitory

control related striatal-cortical connectivity latent factor. The fitted structural rela-

tions were significant compared to a null model with 0 factor loadings between all

striatal-cortical connectivity values and the estimated latent factor (CFI = 1.00;

TLI = 1.023; RMSEA < 0.001). Path analysis was used to test whether striatal-

cortical connectivity mediated the relationship between inhibitory control and age.

No significant mediation was found, however a strong indirect effect on age by striatal

cortical connectivity age acting on inhibitory control was revealed (estimated indirect

effect 0.892 ± 0.139; Z = 6.423, p < 0.001). These results suggest that resting state
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striatal-cortical connectivity patterns can help to explain variations in inhibitory

processing skill, and have limited age-related change.

4.3.7 Latent Emotion Processing Striatal-Cortical Connectivity

Factor

Partial correlation analysis of negative/positive emotion latent factors and resting-

state connectivity between striatal parcels and cortical functional parcels identified

eighteen significant striatal-cortical pairs related to emotion processing. In summary,

these connectivity pairs included 1) head and body of the caudate with visual and

default mode network regions of interest, 2) lentiform parcels with the default mode,

and 3) the shell of the nucleus accumbens with limbic, dorsal attention, ventral

attention, visual networks. Confirmatory factor analysis with the eighteen identified

connectivity pairs was used to estimate a latent factor of striatal-cortical negative-

and positive emotion-related connectivity. The fitted structural relations were signif-

icant compared to null model with 0 factor loadings (CFI = 0.946; TLI = 0.939;

RMSEA = 0.016). Path analysis was implemented to test whether the latent factor

estimate of emotion-related striatal-cortical resting state connectivity mediated the

relationship between negative and positive emotional face recognition with age. No

significant effect was revealed. However the brain connectivity latent factor was found

to predict both positive (estimated coefficient −2.24± 0.74; Z = −2.246, p = 0.003)

and negative emotions (estimated coefficient −0.128± 0.072; Z = −1.780, p = 0.075)

directly. These results suggest that resting state connectivity patterns between the

striatum and the rest of the cortex are an indicator of emotional face perceptual

processing speed and accuracy but do not change with age.
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4.3.8 Neurocognitive Age Prediction

Similarly as performed in chapter 3, chronological age was predicted with multi-

contrast MRI features and derived values obtained from brain areas identified as sig-

nificant correlates of inhibitory control performance. Neurocognitive age prediction

was significantly improved when utilizing both behavioral and neural latent factor

estimates of age-covariant cognitive skills. Only inhibitory control associated MRI

derived latent factors were used because fractional anisotropy, volume and striatal

cortical connectivity all consistently provided significant latent factor estimates of

inhibitory control but not risk/reward or emotional processing as obtained with con-

firmatory factor analysis. Age prediction performance was compared with using 1) just

the original brain data, 2) the original brain data plus the original behavioral data, 3)

latent factor estimates of inhibitory control related brain features, and lastly 4) latent

factor estimates of inhibitory control related brain features along with latent factor

estimates of inhibitory control, risk/reward processing, and emotional processing, as

derived in chapter 3. As expected, regularized regression revealed best performance for

age prediction using latent factor estimates of behavioral and neural metrics together

(R2 = 0.55), compared to just latent factor estimates of inhibitory control related

fractional anisotropy/volume/connectivity patterns (R2 = 0.34), original brain data

(R2 < 0.01), original brain plus behavioral data (R2 = 0.11), or just behavioral

latent factor estimates of inhibitory control, risk/reward processing, and emotional

processing (R2 = 0.51).

4.3.9 Fielding the Neurocognitive Maturity Index

The neurocognitive maturity index (NCMI) was computed as the difference between

predicted age and chronological age and exhibited similar correlations with sociode-
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mographic variables as the behavioral-based cognitive maturity index. Path analysis

supported the previously described full mediation model between puberty, sex, NCMI,

BAS-D and violence risk (Figure 4.10). Males in advanced puberty were found to pos-

sess delayed maturity as reflected by greater cortical volume and decreased fractional

anisotropy in prefrontal cortical areas, as well as altered striatal-cortical functional

connectivity. Delayed NCMI also reflected more impulsive decision-making, greater

risk taking, and poor recognition of emotional faces. Violence risk increased with

greater pursuit of rewards measured with BAS-D and lower NCMI. Greater NCMI

was found to directly effect lower violence risk acting through the BAS-D.

4.4 Discussion

In this chapter, we demonstrate that previously observed developmental changes in

cognitive skills are also concurrent with significant changes in brain structure, cellular

microsructure, and network activity. Brain volume, fractional anisotropy, and striatal

cortical connectivity patterns were found to be indicators of a neural latent factor

of inhibitory control. No MR measures of neural structure were reliable indicators of

latent factors related to emotional face recognition or risk/reward processing. Further-

more, cognitive age prediction using behavioral metrics were found to be marginally

improved when including latent factor estimates of inhibitory control derived from

brain structure, activity, and fractional anisotropy along with latent factor estimates

of behavioral inhibitory control, risk/reward processing, and perceptual processing of

emotional faces. Path analysis revealed prefrontal cortical volume-loss and increased

fractional anisotropy along with developmental changes in striatal-cortical connec-

tivity associated with inhibitory control directly reduced violence proneness risk.

Reduced neural measures of inhibitory control lowered tenacious pursuit of rewards
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measured with the BAS-Drive instrument, also indirectly lowering violence prone-

ness risk. These results provide substantial evidence that a priori cognitive models

of behavior are vital for generating estimates of unobservable phenomena and con-

straining the search space of brain features underlying various cognitive skills and

traits.

4.4.1 Structural Brain Changes in Adolescence

The brain was observed to change in many different ways during adolescence. Age-

related change has been shown to correspond to decreased density of neurons and

associated neurites, increased myelination, and heightened information processing effi-

ciency as reflected by the refinement of hubs and nodes leading to small world archi-

tecture in functional networks [34, 122]. The dramatic decrease in brain gray matter

volume corresponds to theories of on-going neural plasticity mechanisms during ado-

lescence [80]. Prefrontal cortical areas supporting executive cognitive functions are the

last to mature. Our observations of brain volume changes in the adolescent develop-

ment study revealed widespread brain volume loss, but with the most significant losses

found in prefrontal cortical areas. Prefrontal cortical loss corresponds to previous

observations of age-related change in brain volume during adolescence [56]. Further-

more, as prefrontal cortical areas decreased in volume, we found an increase in striatal

nuclei volume. This is supported by the Dual Systems Model of adolescent brain devel-

opment, that suggests subcortical areas develop more quickly than prefrontal cortex.

However, why do prefrontal cortical areas lose volume with pruning while subcortical

areas become more dense [84]? As neural circuits are pruned with experience during

the transition from adolescence into adulthood, the white matter tracts connecting

those consolidated brain networks are strengthened. The fractional anisotropy (FA) is

a measure of constrained diffusion along white matter tracts. Greater FA is expected
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to be a proxy measurement of more substantial white matter bundles that constrain

the diffusion of water along the direction of their collaterals. Our results demonstrate

that FA increases in brain areas also experiencing significant volume loss, particularly

in prefrontal cortical areas while significantly increasing in subcortical areas. In other

words, subcortical regions become populated with much more densely-packed myeli-

nated collaterals while cortical regions undergo substantial reduction of redundant

neural circuits [132]. In summary, our results support the hypothesis that prefrontal

cortical areas become pruned through adolescence for the most efficient and actively

used neural circuits, while subcortical areas become more densely-packed as consoli-

dated neural circuits are heavily myelinated.

4.4.2 Functional Brain Network Changes in Adolescence

Structural changes in brain shape, volume and cellular microstructure are accom-

panied by a reorganization of the connections between networks as adolescent brain

development proceeds. As predicted by Dual Systems-type Models of adolescent brain

development, we observed that striatal-cortical connectivity changes substantially

during adolescence. The overall patterns are quite complex and require dimensionality

reduction in order to analyze the contributions of each striatal nuclei one-at-a-time.

Masked Independent Component Analysis revealed the activity of the striatum is

composed of several sub-nuclei nested within classical anatomical subdivisions. Each

of these nuclei also possessed their own unique fingerprint of cortical targets. The

nucleus accumbens was found to increase connectivity with cortical limbic targets

in ventromedial and cingulate prefrontal cortex along with default mode network

areas in superior parietal cortex, posterior cingulate and middle temporal gyrus. The

nucelus accumbens has been previously found to represent the emotional salience of

a predicted reward, as well as the prediction error of anticipated reward - marking
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it as a site in which hedonic perceptions are represented. The default mode network

is thought to coordinate neural processing of internal thoughts and external stimuli,

thus provides a coherent model in which the nucleus accumbens increases gating of

perceived rewards with internal goal representation and reward prediction error. The

caudate nucleus was found to become more tightly connected with a wide swath of

prefrontal cortical areas and less connected with primary sensory brain areas. This

result is supported by previous observations of recurrent prefrontal-striatal circuits

beginning in the caudate, projecting to and terminating in a wide territory within

prefrontal cortex and returning back to the caudate [58]. Indeed, the caudate has been

demonstrated to be significant for sequence learning, social decision-making, goal rep-

resentation and other high-level executive behavior. Lastly, the lentiform nuclei were

found to be a significant hub for information entering the striatum [22]. The lentiform

showed increased connectivity through the brain with age. Overall, these results sup-

port existing models of adolescent brain development. The nucleus accumbens can be

thought to integrate emotional representations of anticipated rewards with on-going

cognitive processing within caudate-prefrontal cortical circuits involved in goal repre-

sentation, motor planning, and value updating. The role of the lentiform as a hub, is

a somewhat surprising finding as it has been previously considered to be solely a relay

of sensorimotor information. However, this finding makes sense when considering that

the role of the basal ganglia is widely considered to integrate sensory, motor and cog-

nitive information before relaying it to the rest of cortex [58]. Goal representations

and their associated emotional weightings may be propagated by the lentiform to

other brain areas not involved in caudate-prefrontal or accumbens-limbic circuits. In

summary, our results demonstrate that the adolescent brain undergoes significant age-

related change within discrete neural networks that each underlie different domains

of cognitive behavior expected to mature during adolescence.
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4.4.3 Neural Correlates of Latent Cognitive Factors

A major challenge for cognitive neuroscience is the overwhelming complexity of brain

areas that appear to serve multiple cognitive functions, are highly interconnected,

and do not have clear boundaries. One way to make this problem more tractable is

to utilize multiple measurements of brain structure and connectivity combined with

dimensionality reduction to identify only those brain features that are most related

to some observed cognitive function. Regularized regression for variable selection fol-

lowed by latent factor analysis is demonstrated in this work to be a highly effective

statistical analysis technique for reducing the overall search space and helping the

investigator identify just those brain regions that are involved in a cognitive function.

In this work, I took whole brain measurements sampled on a structural or functional

atlas and used regularized regression to identify those brain area features that best

predicted inhibitory control, risk/reward processing, and emotional processing latent

factors. Regularized regression penalizes features that are highly collinear, thus only

brain areas that uniquely explain the dependent variable are selected. Following up,

latent factor analysis enabled generation of a single scalar estimate of the combined

indicators revealed by variable selection. The final result is an estimate of the directly

unobservable neural circuits implicated in the cognitive skills being modeled.

Regularized regression is a heavy-handed approach that does not care about hier-

archical relationships between covariates but instead conservatively eliminates those

that do not explain a sufficient amount of unique variance in the dependent variable.

In this case, our dependent variables were latent factor estimates of inhibitory con-

trol, risk/reward processing and emotional face recognition. Our results revealed that

risk/reward processing and emotional face recognition were not well captured by vari-

ations in brain volume or fractional anisotropy. However, the inhibitory control latent

108



factor was captured by volume, fractional anisotropy and striatal-cortical connectivity

in overlapping areas and networks. Nucleus accumbens and inferior frontal gyrus

volume and fractional anisotropy supported previous work claiming that changes in

volume and white mater microstructure are important indicators of the maturation of

inhibitory control [80, 102]. This was reflected by increased connectivity between the

nucleus accumbens and default mode network areas in prefrontal cortex. This result

demonstrates converging evidence that structural and functional changes underlie the

maturation of cognitive skills, particularly inhibitory control, during the transition

from adolescence into early adulthood.

4.4.4 Utility of Neurocognitive Maturity Index

Behavior provides a unique perspective into cognitive processes typically hidden to the

experimenter, but it can be complemented by direct measurements of the biophysical

processes that underlie the studied behavior. In this work, we sought to improve upon

cognitive age prediction by including measurements of brain structure. We found

that changes in brain volume and fractional anisotropy played a significant mediating

role in the relationship between the development of inhibitory control and observed

age. An indirect relationship was also found relating striatal-cortical connectivity on

the relationship between inhibitory control skill and age. Converging findings from

Chapters 3 and 4 show that cognitive skills covary with age and that this covariation

is related to the structural and functional maturation of the brain. Indeed, including

latent factor estimates of brain volume, fractional anisotropy, and striatal-cortical

connectivity related to inhibitory control in a regularized regression model of age

improved prediction accuracy. Furthermore, we found that using the neurocognitive

maturity index, we could replicate past findings relating the risk for future violent

outcomes. Going beyond replication, the inclusion of brain latent factors allows us to
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identify specific neural correlates that may underlie the observed relationship between

development and adverse outcomes in emerging adulthood. Specifically, this work

opens the door to the question of whether the reorganization of neural networks

during adolescence is a predictor of future violent outcomes. If so, then interventions

targeted to modulating the activity of those networks may be a worthwhile avenue

for prevention.

4.4.5 Conclusion

In conclusion, the described results confirm previous findings regarding adolescent

brain development and extend them by demonstrating the utility of latent factor

analysis powered by a priori models. Cognitive neuroscience researchers exploring

the organization of the human brain and the relation to behavior could benefit from

reducing the search space by using well-validated behavioral paradigms to generate

individual subject estimates of cognitive function and subsequently better explain

individual differences by including measurements of brain structure and activity in

their model. Furthermore, using variable selection of brain features to model a latent

estimate of a cognitive skill allows the extraction of brain areas most likely to compose

the neural circuit underlying that cognitive skill. Overall, the results suggest that risk

taking can be explained by both behavioral escalation of risky reward pursuit and

delayed neural development of brain networks associated with goal-representation,

reward prediction error, action selection and execution of behavior. Based on the

results of this work, I envision that future research in the neural correlates of cog-

nition will likely require a systematic evaluation of behavioral task paradigms and

development of a cognitive skill taxonomy prior to reliably identifying the neural

circuits driving that behavior.
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4.5 Figures

Figure 4.1 Age-correlated neocortical volume. The volume of neocortical areas
sampled on the Desikan-Killiany structural atlas was assessed for correlation with age.
Neocortical volume reliably decreased with age across the cortex, most significantly
in prefrontal cortical and visual cortical areas. Colorbar legend of the correlation
coefficient delimited between -0.3 and 0.3 appears on left. Middle shows correlation
with age projected on Desikan-Killiany atlas overlaid on inflated gray matter sur-
face. Right shows bar chart of correlation values by area along with log p values.
Darker p values indicate greater significance. P values are thresholded at 0.05 and
non-significant areas appear as white. Asterisks indicate significant correlations with
age.
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Figure 4.2 Age-correlated subcortical volume. The volume of subcortical areas
sampled on the default automatic Freesurfer segmentation was assessed for correlation
with age. Subcortical areas increased in volume compared to neocortical regions. The
pallidum and ventral diencephalon showed the greatest age-related increases. Colorbar
legend of the correlation coefficient delimited between -0.3 and 0.3 appears on the
bottom. A 3D reconstruction of the subcortical atlas appears on the top left with
labels for key subcortical areas. Bar chart showing the correlation of each subcortical
area with age appears on right, along with an embedded indicator of correlation p
values. P values are thresholded at 0.05 and non-significant areas appear as white.
Asterisks indicate significant correlations with age.
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Figure 4.3 Age-correlated cortical fractional anisotropy. The fractional
anisotropy (FA) of cortical white matter sampled on the Desikan-Killiany structural
atlas was assessed for correlation with age. Neocortical FA overwhelmingly increased
in most areas, most significantly in executive control areas. Colorbar legend of the cor-
relation coefficient delimited between -0.3 and 0.3 appears on left. Middle shows cor-
relation of FA with age projected on Desikan-Killiany atlas overlaid on white matter
surface. Right shows bar chart of correlation values by area along with log p values.
Darker p values indicate greater significance. P values are thresholded at 0.05 and
non-significant areas appear as white. Asterisks indicate significant correlations with
age.
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Figure 4.4 Intrinsic functional connectivity of the striatum. Split-half sam-
pling with masked independent component analysis revealed a stable solution of 9
stable parcels within the striatum. (A) 3D reconstruction of the individual parcels
with medial (left) and lateral (right) views revealing numbered areas corresponding
to 2D continuous maps in B. (B1) The nucleus accumbens was found to be broken
down into two functional subdivisions: the shell and the core. (B2) The caudate was
found to be broken down into three functional subdivisions: the dorsal head, medial
head, and body of the caudate. (B3) The lentiform showed a rich decomposition into
four functional subdivisions: the ventral, left centromedial, right centromedial, and
posterior lentiform nuclei.
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Figure 4.5 Striatal parcellation atlas comparison. The striatal parcellation
was evaluated against previous segmentations of the striatum using diffusion based
tractography (A), functional parcellation with a cortical network prior (B), and a
gradient based hierarchical parcellation derived from the Human Connectome Project
dataset (C) with the Dice metric. The current parcellation showed greater resolution
of striatal subdivisions than A and B. Comparing against C, we find the current
parcellation better distinguished between left and right lentiform and provided greater
resolution of the body of the caudate. The current parcellation did not extract the
globus pallidus as in C11/12.

115



Figure 4.6 Age-covariant intrinsic striatal connectivity. The striatum is
expected to change more quickly than prefrontal cortical areas (top left) in ado-
lescence. The average BOLD signal within each striatal parcel (bottom left) was
partially correlated against every other striatal parcel and estimated effects were
tested for exponential changes between waves one through three as participants aged.
Striatal-striatal Fischer-transformed correlation connectivity matrix appears on right
along with a thresholded colorbar legend on the right (height threshold p < 0.001,
pFDR < 0.05). The nucleus accumbens and lentiform both showed increased connec-
tivity within their nuclei, while the caudate nuclei showed decreased connectivity with
other striatal nuclei.
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Figure 4.7 Age-covariant striatal-cortical connectivity. The average BOLD
signal within each striatal parcel was partially correlated against every other cortical
ROI sampled on the Schaeffer functional parcellation and estimated effects were tested
for exponential changes from waves one through three as participants aged. A wheel
connectome was constructed by correcting for multiple comparisons (pFDR < 0.01)
and controlling for within-network effects. Networks were derived from the Yeo func-
tional atlas overlaid on the Schaeffer functional parcellation. The overall connectivity
schema can be visualized in the wheel connectome. (B) Striatal parcels showed dis-
tributed cortical connectivity patterns, where the effect size indicates the direction of
connectivity with a given striatal parcel and the size of the circle indicates the sig-
nificance. Age-related changes in connectivity were primarily confined to prefrontal
cortical areas. (C) The striatal-cortical Fischer-transformed correlation connectivity
matrix provides a detailed breakdown of age-related connectivity between all sam-
pled regions of interest with grouping of ROIs into the striatum, and left/right visual,
somatomotor, dorsal attention, ventral attention, limbic, frontal-parietal, and default
mode networks. Colorbar legend indicating Fischer transformed correlation values
appears on right (height threshold p < 0.001, pFDR < 0.05).
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Figure 4.8 Summarizing age-covariant striatal-cortical networks. The con-
nectivity of the accumbens, caudate, and lentiform parcels was tested for age-covariant
changes in connectivity with the rest of the brain as grouped into the seven Yeo
functional networks. Connectivity wheels were corrected for within-network multiple
comparisons and thresholded to reveal significant edges between striatal parcels and
the rest of the brain (height threshold p < 0.001, pFDR < 0.05). The nucleus accum-
bens parcels showed greater connectivity with the default mode and limbic networks.
The caudate showed overwhelmingly greater age-related connectivity with prefrontal
cortical areas and decreased connectivity with posterior and primary sensory areas.
The lentiform showed widespread age-related changes, indicating its role as a hub.
Top connectome wheels, bottom 3D representation of connectome for nucleus accum-
bens (left), caudate (middle), lentiform (right). DMN = Default Mode Network, FPN
= frontal-parietal network, LMBC = limbic network, VAN = ventral attention net-
work, DAN = dorsal attention network, SMN = somatomotor network, VIS = visual
network.
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Figure 4.9 Graph analysis of striatal-cortical connectivity. Age-covariant con-
nectivity effect sizes were extracted and used to estimate a weighted directional graph
(right). Between-ness centrality analysis, indicated by the size of the dots on the right
panel, revealed the lentiform as a major hub that receives input from the rest of the
striatum and relays information to neocortical networks. Looking at the main effect
size (top left) we find that over time, the variance in average connectivity with dif-
ferent networks becomes significantly less dispersed. The whole-brain connectivity
with the lentiform nuclei appears in the bottom left. The right graph color-codes
each network, teal = Accumbens, green = Caudate, yellow = lentiform, red = default
mode network, tan = limbic network, orange = frontal-parietal network, blue = visual
network, green = dorsal attention network, light blue = somatomotor network, purple
= ventral attention network.
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Figure 4.10 Neurocognitive maturity index predicts developmental vio-
lence risk. Structural equation model was used to construct a path analysis to test
the effect of the neurocognitive maturity index (NCMI) on the DUSI-R violence prone-
ness risk metric (DUSI-VP). The BAS-D was revealed to be a significant mediator
of the NCMI effect on violence risk. Overall, the results recapitulate those found in
chapter 3 but extend interpretations to include the maturation of brain areas sup-
porting inhibitory control cognitive skills.
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4.6 Tables

Table 4.1 Brain gray matter volume inhibitory control latent factor.

Cortical Volume Inhibitory Control Estimate Std. Error Z-value P(> ‖z‖)

Regions of Interest in Left Hemisphere

Accumbens 0.384 0.055 6.996 <0.001
Caudal Anterior Cingulate 0.474 0.050 9.451 <0.001

Cuneus 0.570 0.043 13.160 <0.001
Entorhinal 0.340 0.057 5.969 <0.001

Lateral Occipital 0.675 0.036 18.783 <0.001
Parahippocampal 0.710 0.033 21.602 <0.001
Pars Triangularis 0.635 0.039 16.302 <0.001
Pericalcarine 0.503 0.048 10.433 <0.001

Posterior Cingulate 0.698 0.034 20.657 <0.001
Putamen 0.768 0.028 27.124 <0.001

Superior Parietal 0.758 0.029 26.538 <0.001
Superior Temporal Sulcus (Banks) 0.452 0.051 8.787 <0.001

Temporal Pole 0.580 0.043 13.452 <0.001

Regions of Interest in Right Hemisphere

Amygdala 0.706 0.033 21.280 <0.001
Caudal Anterior Cingulate 0.449 0.052 8.693 <0.001

Frontal Pole 0.521 0.047 11.055 <0.001
Lateral Occipital 0.771 0.027 28.274 <0.001

Lateral Orbitofrontal 0.853 0.020 43.654 <0.001
Parahippocampal 0.666 0.037 18.205 <0.001
Pars Triangularis 0.720 0.032 22.544 <0.001
Posterior Cingulate 0.621 0.040 15.555 <0.001

Precuneus 0.806 0.024 33.560 <0.001
Rostral Middle Frontal 0.758 0.029 26.569 <0.001

Supramarginal 0.685 0.035 19.575 <0.001
Confirmatory factor analysis with brain areas selected by the least absolute shrinkage
and selection operator for prediction of the inhibitory control latent factor using
gray matter volume. Table shows normalized estimates of each indicator variable’s
contribution to the cortical volume inhibitory control-related latent factor. Fit indices
indicate a good fit: CFI = 0.891, TLI = 0.874, RMSEA = 0.064.
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Table 4.2 Brain FA inhibitory control latent factor.

Cortical FA Inhibitory Control Estimate Std. Error Z-value P(> ‖z‖)

Left Hemisphere (Gray Matter)

Accumbens 0.297 0.056 5.326 <0.001
Frontal Pole 0.002 0.061 0.026 0.979

Lateral Occipital 0.197 0.059 3.341 0.001
Medial Orbitofrontal 0.304 0.056 5.402 <0.001
Superior Parietal 0.223 0.058 3.827 <0.001
Thalamus (Proper) 0.487 0.047 10.433 <0.001
Ventral Diencephalon 0.461 0.048 9.526 <0.001

Left Hemisphere (White Matter)

Caudal Middle Frontal 0.805 0.022 36.354 <0.001
Fusiform 0.568 0.042 13.473 <0.001

Lateral Occipital 0.614 0.038 15.992 <0.001
Pars Orbitalis 0.523 0.045 11.654 <0.001

Posterior Cingulate 0.660 0.035 19.000 <0.001
Precentral 0.796 0.022 35.738 <0.001

Rostral Middle Frontal 0.735 0.029 25.633 <0.001
Supra Marginal 0.768 0.026 29.229 <0.001
Superior Frontal 0.795 0.023 34.104 <0.001
Superior Parietal 0.755 0.027 27.830 <0.001

Right Hemisphere (Gray Matter)

Accumbens 0.382 0.052 7.295 <0.001
Pericalcarine 0.177 0.059 2.989 0.003

Thalamus (Proper) 0.440 0.050 8.862 <0.001
Ventral Diencephalon 0.519 0.045 11.511 <0.001

Confirmatory factor analysis with brain areas selected by the least absolute shrinkage
and selection operator for prediction of the inhibitory control latent factor using frac-
tional anisotropy (FA). Table shows normalized estimates of each indicator variable
in contribution to the FA inhibitory control-related latent factor. Fit indices indicate
a good fit: CFI = 0.854, TLI = 0.834, RMSEA = 0.066.
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Table 4.2 Brain FA inhibitory control latent factor. Continued:

Cortical FA Inhibitory Control Estimate Std. Error Z-value P(> ‖z‖)

Right Hemisphere (White Matter)

Caudal Middle Frontal 0.824 0.021 39.229 <0.001
Frontal Pole 0.091 0.061 1.509 0.131

Inferior Parietal 0.707 0.031 22.700 <0.001
Lateral Occipital 0.669 0.034 19.712 <0.001
Middle Temporal 0.644 0.036 17.735 <0.001
Parahippocampal 0.548 0.043 12.644 <0.001
Pars opercularis 0.718 0.030 23.607 <0.001
Pars orbitalis 0.552 0.043 12.823 <0.001
Postcentral 0.799 0.023 34.181 <0.001

Posterior Cingulate 0.649 0.036 17.990 <0.001
Precentral 0.832 0.019 43.458 <0.001

Rostral Middle Frontal 0.747 0.028 26.520 <0.001
Superior Frontal 0.799 0.023 34.683 <0.001

Superior Temporal 0.647 0.036 17.983 <0.001

Other (Non-lateral)

Brain Stem 0.464 0.048 9.611 <0.001
Corpus Callosum (Central) 0.444 0.049 9.009 <0.001
Corpus Callosum (Anterior) 0.275 0.057 4.859 <0.001

Corpus Callosum (Mid-Posterior) 0.316 0.055 5.761 <0.001
Corpus Callosum (Mid-Anterior) 0.324 0.055 5.905 <0.001

Confirmatory factor analysis with brain areas selected by the least absolute shrinkage
and selection operator for prediction of the inhibitory control latent factor using frac-
tional anisotropy (FA). Table shows normalized estimates of each indicator variable
in contribution to the FA inhibitory control-related latent factor. Fit indices indicate
a good fit: CFI = 0.854, TLI = 0.834, RMSEA = 0.066.
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Table 4.3 Striatal-cortical connectivity inhibitory control latent factor.

Striatal-Cortical Inhibitory Control Estimate Std. Error Z-value P(> ‖z‖)

R LfN, L OFC (Limbic) 0.342 0.138 2.471 0.013
L LfN, R MPfC (VAN) -0.293 0.129 -2.272 0.023

M.Caud. (Head), L Visual -0.013 0.138 -0.096 0.923
Caud. (Body), L PfC (Default) -0.205 0.083 -2.463 0.014
Caud. (Head), R PfC (Motor) -0.144 0.084 -1.721 0.085

M.Caud (Head), L PfC (Default) 0.058 0.115 0.502 0.616
M.Caud (Head), L PfC (Default) 0.164 0.081 2.030 0.042
VA.LfN to L Post Central (DAN) 0.160 0.090 1.782 0.075

Acc. (Shell), R Post. Cingulate (Default) 0.117 0.085 1.381 0.167
LfN (Posterior), R Temp. Pole (Limbic) 0.227 0.095 2.400 0.016

Confirmatory factor analysis with brain areas selected for partial correlation with
the inhibitory control latent factor using striatal-cortical connectivity. Table shows
normalized estimates of each indicator variable in contribution to the striatal-cortical
connectivity inhibitory control-related latent factor. Fit indices indicate a good fit:
CFI = 1.0, TLI = 1.0, RMSEA = 0.001. Abbreviations: R = Right, L = Left, Acc.
= Accumbens, LfN = lentiform, Caud = caudate, OFC = orbtialfrontal cortex, PfC
= prefrontal cortex, MPfC = medial prefrontal cortex, Post. = Posterior, Temp. =
Temporal
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Chapter 5

Discussion

The transition to early adulthood is a risk traversal process in which on-going cog-

nitive development interacts with social strain to determine paths to social deviance.

The goals of the dissertation were to 1) chart paths leading to social deviance in

emerging adulthood by exploring the interaction between social strains and the for-

mation of antisocial attitudes that precede violence perpetration, 2) explore the medi-

ating influence of developmental measures of risk taking, emotion processing, and

inhibitory control, 3) identify variations in developmental trajectories of cognitive

skills in relation to violence risk, and 4) leverage neuroimaging data to evaluate devel-

opmental models of adolescent brain development. In this work, the General Strain

Model of youth crime and social deviance and Reinforcement Sensitivity Theory is

assessed in the context of adolescent cognitive development. Social strain was found

to increase the likelihood of altered social norms in males, but not females, which

directly preceded actual perpetration of bullying and fighting behavior. Greater social

strain in early adulthood was predicted by developmental violence risk measured with

the DUSI-VP in adolescence. Latent factor analysis revealed that inhibitory control,

risk/reward assessment, and emotional processing were indicators of cognitive matu-

rity and directly modulated the adolescent risk for future violence experience. Neu-

roimaging further elaborated cognitive maturity as instantiated by developmental

changes in prefrontal cortical and striatal volume, cellular microstructure, and func-

tional connectivity.
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5.1 Paths to Social Deviance

Sociological models of the emergence of youth delinquency and social deviance have

pointed to exogenous factors such as community health, interpersonal relationships,

and experiences of violence as direct effectors. However, models like the General Strain

Model (GSM) do not adequately explain the discrepancy between adult and youth

rates of deviant social behavior. The Reinforcement Sensitivity Theory has attempted

to bridge this gap by including variations in cognitive development as a predictor

of social deviance in adolescence. The behavioral inhibition and approach systems

(BIS/BAS) exhibit a mismatch between inhibitory control of reflexive behavior and

sensitivity to the absence of reward or negative reinforcement during adolescence.

This mismatch is considered to result in behavior directed at achieving rewards or

corrective actions for eliminating the source of strain or absence of rewards. The

Reinforcement Sensitivity Theory can explain heat-of-the-moment impulsive decision-

making leading to perpetration of violence or antisocial acts but does not explicitly

state how behavior is constructed from perception to action. This disparity is further

illustrated by individual subject differences in antisocial behavior. Not all youth with

elevated BAS and social strain engage in violent behavior. Indeed, males with peer

relations including other males that embrace similar attitudes toward social norms

are most likely to engage in perpetration of violence. The relationship between devel-

opment of cognitive skills and risk for violence was explored to bridge the gap between

RST and GSM, revealing that neuropsychological metrics are more reliable indices of

development and are useful for charting psychosocial outcomes.
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5.1.1 Adolescent Cognitive Maturity Effects the Risk for Violence

Experience

Variations in adolescent cognitive development were characterized by age-related dif-

ferences in inhibitory control, risk/reward assessment, and processing of social signals

such as emotional facial expressions. The current study tested whether the BIS/BAS

scales explain age-related change in adolescent risk for future violence experiences in

emerging adulthood. The results found that the BIS/BAS scale on its own does not

show significant changes across time, but instead is a static marker of personality

traits, such as extraversion or internalizing behavior. A cognitive maturity index was

introduced to better capture variation in the development of these cognitive skills

and explore how sociodemographics may help distinguish between developmental tra-

jectories. More physically developed females were found to exhibit advanced neu-

rocognitive maturity compared to males farther along in puberty. Furthermore, more

physically developed males with a delayed cognitive maturity index were found to be

at higher risk for future experiences of violence. Relatively delayed cognitive matu-

rity was also indicative of greater BAS-Drive, a measure of tenacious reward pursuit,

suggesting that delayed maturation of inhibitory control skills along with elevated sen-

sitivity for immediate rewards manifests as a generic disposition for reward seeking.

Physical development of males may contribute to masculinity-inspired notions of self-

confidence that may further contribute to over-confidence leading to risky decision

making. Furthermore, often physical development is confused for cognitive develop-

ment and the described data shows that this is not the case. In fact, physical develop-

ment is dissociated from cognitive development and the consequences are especially

pronounced for males compared to females. Indeed, the effect of cognitive maturity

on BAS-Drive was found to mediate overall risk of violence experience in early adult-
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hood, with out-sized effects for males further along in puberty. The present work

demonstrates that neuropyschological instruments are more sensitive than self-report

surveys to variation in developmental trajectories of cognitive skills and are useful

indicators of risk status in vulnerable adolescents.

5.1.2 Cascading Social Strains

The RST and GSM were substantially expanded by including the formation of antiso-

cial attitudes as a prelude to the actual perpetration of violence. The results demon-

strate that greater social strain from elevated neighborhood crime, lower availability of

community services, and fragmented interpersonal relationships have a direct impact

on elevated experiences of violence; predominantly in women. The fragmentation of

social support was found to lead to greater experiences of violence and a higher like-

lihood that social norms were altered in early adulthood. The alteration of social

norms was found to directly precede perpetration of bullying and fighting behavior,

specifically in males that embrace positive attitudes towards the use of violence and

normalization of antisocial behavior. The approach described here allows for the con-

struction of a cognitive neuroscience framework for understanding how exogenous

factors, such as community and social adversity, interact with on-going cognitive

development during adolescence to enhance the risk for future violence experiences

in early adulthood.

5.2 Neurocognitive Maturity Is Coincident with Striatal-Cortical

Development

Models of adolescent cognitive development hypothesize changes in cognitive skills

are mediated by structural and functional changes in the brain circuits underlying
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inhibitory control, risk/reward assessment and processing of social signals such as

emotional face expressions. The cognitive maturity index was expanded to include

measures of brain development to better distinguish between developmental trajecto-

ries. Magnetic resonance imaging consisting of structural, diffusion-weighted imaging

measures related to myelination, and resting-state functional connectivity was used

to measure changes in the adolescent brain.

5.2.1 Neural Circuit Maturity

The volume of prefrontal cortical areas showed significant decreases with age while

subcortical regions increased in volume. The volume loss was accompanied by

increased fractional anisotropy in neocortical white matter and subcortical areas

such as the pallidum, diencephalon and thalamus. These results support the pruning

theory of adolescent brain development, in which reliably activated neural circuits

underlying consolidated habits and behavioral patterns are conserved while unused

neural circuits are dismantled.

5.2.2 Striatal Cartography

Age-related changes were also found in striatal-cortical functional connectivity pat-

terns. The functional network topology of the striatum was explored by utilizing

unsupervised clustering to identify functional subdivisions nested within classical

anatomical boundaries. A total of 9 bilateral sources were found within the striatum,

providing elevated BOLD-signal resolution between the core and shell of the nucleus

accumbens, the head and corpus of the caudate nucleus, and the different components

of the lentiform nuclei. The connectivity of each of these parcels with the rest of the

brain was explored as function of age. Greater age-related functional connectivity

was observed between the nucleus accumbens and limbic and default mode network
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cortical areas. This was accompanied by greater age-related functional connectivity

between the caudate and medial and orbitalfrontal cortical areas involved in the

default mode, dorsal attention, ventral attention and frontoparietal networks. Lastly

the lentiform nucleus was identified as a hub as revealed by the highest between-ness

centrality across all striatal parcels. In line with its hub status, the lentiform was

observed to exhibit age-related differences across all major networks in the brain.

5.2.3 Latent Neural Factor of Inhibitory Control

Latent factor estimates identified that volume, fractional anisotropy and and func-

tional connectivity patterns of striatal-cortical regions of interest were reliable indi-

cators of inhibitory control. Brain structure and fractional anisotropy were found to

significantly mediate the relationship between inhibitory control and age. Striatal-

cortical latent factors related to inhibitory control were found to exhibit only an

indirect effect on the relationship between inhibitory control and age. None of the

neural measures were found to have a significant relationship with either risk/reward

processing or emotional face recognition.

5.2.4 Improving the Cognitive Maturity Index with Biophysical Mea-

surements

A revised neurocognitve maturity index was derived by including latent factor esti-

mates of inhibitory control related volume, fractional anisotropy and striatal-cortical

connectivity patterns. The addition of neuroimaging measures of prefrontal cortex and

striatum increased the variance explained by the age prediction model by 4%. These

results demonstrate that neuroimaging presents a marginal increase in age prediction,

however while also providing insight regarding the neural circuits underlying devel-

opment of cognitive skills. Path analysis revealed the revised neurocognitive maturity

130



index retained the predictive ability for violence risk. Greater inhibitory control and

brain-related changes in volume, cellular microstructure and striatal cortical connec-

tivity were found to mitigate risk for violence in early adulthood.

5.3 Conclusions and Limitations

The present work demonstrates integration of sociological, behavioral, and neu-

roimaging techniques to understand the etiological underpinnings of youth violence.

Chapter 2 revealed a feed-forward cycle from social strains, to altered social norms,

and subsequent perpetration of bullying and fighting behavior, specifically acceler-

ated in males compared to females. Chapter 3 examined the contribution of cognitive

skills development to violence risk and found risk was elevated in males farther along

in puberty compared to more physically developed females. Lower inhibitory control,

greater risk-taking, and impaired processing of social signals such as emotional faces

was shown to directly increase the risk for violence in early adulthood. In Chapter 4,

multi-contrast neuroimaging measures were combined with the Cognitive Maturity

Index to examine the neural underpinnings of cognitive skills related to the risk of

victimization and violence perpetration. Regularized regression revealed age-related

changes in cognitive skills development mirrored a decrease in prefrontal cortical

volume, increases in subcortical volume, elevated prefrontal cortical and subcortical

fractional anisotropy, and altered patterns of striatal-cortical connectivity.

Overall, this work provides a foundation for an empirical cognitive neuroscience

approach to charting developmental trajectories leading to adverse outcomes in early

adulthood. The current study is limited in that violence outcome metrics and mea-

sures of social strains and social norm attitudes were only collected in young adult-

hood. Furthermore, we do not control for lifetime victimization as a determinant of
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future experiences of violence. Future research should involve an overlapping cohort

model in which youth are regularly assessed for violence experience, social attitudes

and perpetration of violence along with assessment of cognitive skills. Readers are also

reminded that the methods described for the cognitive maturity index were obtained

from a small sample representative of the Washington, D.C. metropolitan area. Juve-

nile justice practitioners and public policy experts are encouraged not to heavily

weight the results of this study until these methods have been applied to a larger,

globally representative sample in order to make inferences regarding large-scale pop-

ulation trends relating adolescent cognitive development, sex differences, and risk for

violence. The prediction of violent outcomes and perpetration of crime is a nuanced

topic with exceptional implications for miscarriage of justice if individual develop-

mental trajectories are forced to conform to a population estimate potentially subject

to selector’s bias. Neurodiversity should be encouraged and underlying distinguishing

mechanisms explored, whenever possible, to better understand the overall boundaries

of the state space of developmental trajectories and the potential of the developing

human brain. The extensively described results in this dissertation provide substan-

tial evidence that normative neural development is a secondary concern compared to

the potential of adverse sociodemographic factors for elevating risk status in adoles-

cence. Rather than confirming a standard biophysical and behavioral developmental

trajectory, the underlying neural changes help us construct a model of development

that accounts for social strain and the diversity of potential responses that may be

influenced by underlying neurocognitive traits.
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Appendix A

Reproducibility and Data Availability

The code and data used to generate the analyses in this dissertation can be found in

a dedicated public GitHub repository under a CC0 license:

The Community Life and Adolescent Development Study Website

The Community Life and Adolescent Development Study Repository

The official Adolescent Development Study contains additional information regarding

research updates, team members, statistical methods tutorials, and data availability:

The Adolescent Development Study Website

Additional data and resources for the Adolescent Development Study can be found

on the Open Science Framework:

Open Science Framework ADS Repository

Please visit the Center for Functional and Molecular Imaging at Georgetown Univer-

sity for more information regarding Magnetic Resonance Imaging protocols and data

availability.

The Center for Functional and Molecular Imaging
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Violence Experience Survey

Perception of Violence

1-4. Within the last year, how often you heard of the following situations happening
to others in your neighborhood? Others being attacked, threatened or robbed

People being badly beat up

Individuals being seriously threatened

Individuals being verbally or emotionally abused

5. Within the last year, how often have you heard of the situations in the previous
questions where a police officer or other civil authority figure was the aggressor?

Observation of Violence

6-9. Within the last year, how often have you seen the following situations happen
to others in your neighborhood? Others being attacked, threatened or robbed

People being badly beat up

Individuals being seriously threatened

Individuals being verbally or emotionally abused

10. Within the last year, how often have you seen the situations in the previous
questions where a police officer or other civil authority figure was the aggressor?

Violence Victimization

11-14. Within the last year, how often have the following things happened to you?
This includes any situations that involved another student, teacher, family member
or someone in your community.

Verbal or emotional abuse directed towards you; that is, being called
names or having things said to you that make you feel bad about your self or afraid.

Serious threats that made you fear for the personal safety of yourself or others.

Getting caught up in a physical confrontation that may or may not have included weapons

Received an injury in a physical confrontation.

15. Within the last year, how often have the situations in the previous questions
happened to you when in contact with a police officer or other civil authority figure?

Perpetration of Violence

16-21. Within the last year, how often have you done the following things to other
friends, family or community members? Hit, kicked, pushed or shoved someone when you were angry

Got into a fight after drinking or getting high

Threatened someone to get what you wanted

Engaged in a physical confrontation because it was fun

Engaged in a physical confrontation even though you didn’t want to

Engaged in a physical confrontation to protect yourself, friends or family
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Figure C.1 Map of Adolescent Development Study participants. Participants
(N=141) were recruited from the District of Columbia (green), Virginia (blue) and
Maryland (red) areas.
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Figure C.2 Epidemiological data for adolescent mortality rates by age.
Source: CDC vital statistics system on mortality (1999-2006)
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Figure C.3 Epidemiological data for adolescent mortality rates by outcome.
Source: CDC vital statistics system on mortality (1999-2006)
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Figure C.4 Anatomy of the striatum. The striatum is a system of deep brain sub-
cortical nuclei composed of a mesh of interneurons that express a variety of dopamine
receptors. The striatum is composed of the nucleus accumbens (yellow), the putamen
(green), and the caudate (purple). The striatum receives ascending input from mesos-
triatal afferents comprising part of the diencephalic dopamine projection systems with
nuclei in the ventral tegmental area and substantia nigra. The striatum also receives
descending input from cortex that synapse along topologically organized collections
of cells within the striatum. Orbitofrontal and medial prefrontal cortical afferents
predominantly convey executive information to the caudate. Limbic and emotional
information from the ventromedial prefrontal cortex and subcortical nuclei, such as
the amygdala and hippocampus, synapse on the nucleus accumbens. The putamen is
a site of sensorimotor integration receiving input from visual, motor, and association
cortex. All together, these nuclei regulate reinforcement learning during goal-directed
action and support orchestration of complex sequences of motor behavior and plan-
ning.
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Figure C.5 The Desikan-Killiany atlas. Cortical gray matter areas labeled on
the default template mesh-brain provided by the Computational Anatomy Toolbox
(CAT12) [55]
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Figure C.6 Split-half sampling reveals stable masked independent com-
ponent analysis solutions for striatum parcellation. (A) Theoretical resolv-
ability of striatal sources given number of voxels in striatum mask. (B) Empirical
resolvability of striatal sources observed with split-half sampling for bilateral (left
column), left striatum mask (middle), and right striatum mask (right). Dashed line
indicates critical test statistic for Pearson’s coefficient. (C) Percent variance explained
by each sub-component for increasing model orders. Chart shows the percent variance
explained drops off beyond 9 sources, indicating no benefit for estimation of a greater
number of sources.
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