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Background: Family history of substance use (FHSU), along with 

sociodemographic and psychosocial factors, has been identified as a key risk 

factor for adolescent substance use and progression to substance use 

disorders (SUD). However, the interaction between distinct sociodemographic 

and psychosocial profiles in adolescents with FHSU and constitutional factors, 

such as psychopathological symptom severity, impulsivity, and reward 

processing, remains unclear. Given the complexity of these factors, it is 

crucial to explore how these elements contribute to the differential 

vulnerability to SUD among youth with family history of substance use. 

Particularly as, the identification of clinically relevant subgroups of at-risk 

youth may inform precision prevention and treatment approaches to reduce 

adverse outcomes related to SUDs.

Methods: Here, we used data from the Adolescent Brain Cognitive 

Development (ABCD) study and grouped the participants (age: 9–10 years) 

into positive and negative FHSU [i.e., FHSU-P (n = 1955; female 49.7%, White 

57.95%), and FHSU-N (n = 4,369; female 48.33%, White 61.16%), respectively]. 

We used K-means clustering to identify latent subgroups in the FHSU-P 

population based on psychosocial variables and then compared the resulting 

subgroups on internalizing, externalizing, and total psychopathology, 

impulsivity, and reward prediction errors.
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Results: K-means clustering revealed five subgroups within FHSU-P: Subgroups 1 

(n = 744) and 2 (n = 300) exhibited favorable psychosocial profiles, marked by 

higher school involvement, social engagement, and parental acceptance. 

Subgroups 3 (n = 267), 4 (n = 201), and 5 (n = 443) were characterized by lower 

engagement across peer, school, and parental domains. Group comparisons 

showed that Subgroups 1 and 2 had comparable levels of psychopathology and 

impulsivity, while Subgroups 3, 4, and 5 displayed higher psychopathology and 

impulsivity. Reward prediction errors were similar across all subgroups. Other 

group differences are also presented and discussed in the main text.

Conclusion: These findings highlight significant heterogeneity within the FHSU-P 

group and emphasize the importance of stratifying adolescents based on 

sociodemographic and psychosocial factors. Such stratification can help 

identify adolescents at higher risk for psychopathologies, including SUDs, 

offering insights for targeted prevention and intervention strategies.

KEYWORDS

family history of addiction, environmental factors, impulsivity, k-means (KM) clustering, 

ABCD study

Introduction

Pathways and mechanisms for the development of substance 

use disorders (SUD) in adolescents are complex and even after 

years of investigation remain poorly understood. Research 

efforts have generally been advancing in two main directions: 

(a) investigating purported biological and familial underpinnings 

of SUDs, and (b) examining environmental factors that 

in"uence the onset of SUDs. However, the interface of both 

constitutional [e.g., family history of substance use (FHSU)] and 

environmental (e.g., parenting, peer relations, neighborhood 

safety) aspects of adolescent substance experimentation and use 

remains unclear. For instance, prior research shows that FHSU 

positive youth (FHSU-P) are at increased risk for developing 

problem drug use (1, 2), and it is speculated that this elevated 

risk might be related to alterations in reward processing and 

behavioral inhibition (3, 4), or other processes generally 

associated with the functions of the prefrontal cortex (5). More 

generally, increased risk-taking, including substance use, occurs 

during adolescence, regardless of FHSU status, and might be 

linked to the imbalance in the developmental course of a rapidly 

developing motivation-reward system, which contributes to the 

pursuit of rewarding, exciting, and novel experiences and a 

more gradually developing cognitive control system, exercising 

restraint on potentially harmful impulses (6–8). Functional 

imbalance in the development of these systems may present 

clinically as high level of impulsivity, which can be measured 

with the appropriate psychometric assessments (9).

While FHSU is known to be a risk factor for SUD 

development, it is important to note that not all FHSU-P youth 

go on to use substances problematically or develop SUDs. 

Among FHSU-P youth, there are many mediating factors that 

may either heighten or diminish risk for SUD (10). Such 

protective effects can be attributed to both biological features 

like increased recruitment of the dorsolateral prefrontal cortex 

during inhibitory task (11) or increased resting state 

connectivity between brain regions implicated in cognitive 

control (12) but may also be linked to environmental in"uences 

(10). A review by Petraitis et al. (13) examined theories of 

adolescent substance use that focused on substance-specific 

conditions, social learning processes and attachment to family, 

and classified environmental in"uences into social, attitudinal 

and interpersonal factors. Subsequent literature has pointed out 

the complex nature of the interactions between personal and 

environmental factors in relation to both vulnerability and 

resilience. One review discussed the definition of resilience as 

“positive adaption inspite of adversity” and identified 

“protective” factors from three levels (e.g., family, school and 

community) (14) These included parental supervision, family 

bonding, positive peer connections and school and community 

engagement among others. Others have independently found 

that factors like “prosocial peers”, “home and school support”, 

and “meaningful community participation” appear to confer 

protective value in adolescents in relation to tobacco, alcohol 

and illicit drug use, however, they also noted that the beneficial 

effects are not universal but might be limited to a small set of 

factors specific to different populations (15). Indeed, exploring 

the family history of SUD requires examining the 

multidimensional and interacting pathways of personal and 

environmental in"uences, which may simultaneously contribute 

to risk and promote resilience, highlighting the importance of 

an integrative framework over isolated analyses.

Indeed, several models have been proposed to capture the 

interplay among various factors that contribute to SUD risk. 

The social development model theory presents a framework 

which stipulates that children learn patterns of behavior from 

the socializing agents of family, school, peers and various 

community institutions, which can affect future behaviors (16, 

17), and can be used to reliably predict substance use in late 

adolescence (18). The Bronfenbrenner’s Bioecological Model 

(19) examines the interactions between the person’s unique 

characteristics, their immediate and broader societal 
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environment and how these elements change over time. These 

multi-system interactions affect the development of adolescent 

health behavior, including substance use. In turn, the differential 

susceptibility hypothesis suggests that some youth are 

characterized by increased sensitivity to environmental contexts 

possibly linked to specific genetic makeup (20). Moreover, 

neurobiological changes that occur during adolescence as part of 

normative maturation of the central nervous system, may also 

contribute to the etiology of adolescent substance use (21–23). 

These models and theories suggest that a large group of young 

individuals who are at risk of developing SUDs (e.g., FHSU-P 

youth) will most likely be comprised of subgroups of individuals 

who share sets of environmental exposures that may in"uence 

different trajectories of engagement with drug use. This further 

suggests that FHSU alone may have a limited predictive value 

for SUD development and that more detailed stratification based 

on environmental and psychosocial risk factors is warranted to 

identify different levels of SUD risk (24–26). Taken together, 

examining subgroups based on environmental and psychosocial 

risk exposures within FHSU-P may identify individual- as well 

as group-level targets of intervention to decelerate the rate of 

substance use experimentation and use.

The Adolescent Brain and Cognition Development (ABCD) 

Study offers the largest cohort of young children with 

information about both constitutional predisposition for SUD 

(e.g., FHSU) as well as many indexes of environmental 

exposures. For example, a recent report from the ABCD cohort 

identified clusters of environmental exposure that showed 

consistent and replicable associations with multiple measures of 

brain organization (27). Similarly, another group found evidence 

that greater environmental risk and stress were associated 

with higher endorsement of distressing psychosis like 

experiences particularly among minority children from the 

ABCD study (28). A similar study, albeit in a small cohort, 

used clustering technique to identify groups based on parental 

substance use and examined its in"uence on stress and 

substance use vulnerability in children (29). Thus, availability 

of these data allows for the examination of a considerable 

number of interactions between FHSU and environmental 

exposures, and their association with key cognitive and clinical 

outcomes such as impulsivity, reward processing and 

psychopathological symptoms.

To test these interactions, in this proof-of-concept study, we 

used unsupervised machine learning to categorize FHSU 

positive (FHUS-P) youth into subgroups based on diverse 

sociodemographic and environmental exposures, which have 

previously been identified as key risk factors (30–32). 

Importantly, we operationalized FHSU to specifically capture 

only those relatives whose substance use was associated with 

significant functional or psychosocial impairment. Unlike 

broader definitions based solely on substance exposure, or 

formal diagnostic categories such as the family history of SUD 

that rely on clinical confirmation, our definition balances 

specificity and feasibility within a large-scale and non-clinical 

ABCD sample. Based on available evidence we hypothesized that 

a cohort of FHSU-P youth ages 9–10 from the ABCD study can 

be stratified into subgroups based on known sociodemographic 

and environmental factors using a machine learning clustering 

method. To compare the relative extent of risk between these 

subgroups, we planned to conduct group comparisons between 

FHSU Negative (FHSU-N) and each of the FHSU-P subgroups, 

as well as between FHSU-P subgroups on clinical factors such as 

parental behavioral reports, trait impulsivity, and reward-related 

behaviors. We hypothesized that the scores of these behavioral 

indexes will be significantly different among the subgroups and 

will help in distinguishing subgroups with greater and lesser risk 

for initiating problem substance use.

Methods

Participants

The study sample comprised of participants from the ABCD 

Study baseline cohort, with data supplemented by Year 1 follow- 

up assessments (Release 5.0). For this analysis, we selected 6,324 

participants with complete data on all relevant variables, 

including sociodemographic characteristics (Table 1), impulsivity 

measures (Supplementary Table S1, Supplementary Online), and 

Clinical Behavior Checklist (CBCL) scores (Supplementary 

Table S2, Supplementary Online) (33). The cohort selection 

procedure is detailed in Supplementary Figure S1 

(Supplementary Online).

We characterized FHSU using the parent-reported “Family 

History Assessment Part 1” questionnaire on Family History of 

Psychopathology and Substance Use (34), which specifically 

inquired, “Has ANY blood relative of your child ever had any 

problems due to drugs? such as Marital separation or divorce; 

Laid off or fired from work; Arrests or DUIs; Drugs harmed their 

health; In a drug treatment program; Suspended or expelled from 

school 2 or more times; Isolated self from family, caused 

arguments or were high a lot”. Children of parents who 

answered “Yes” were categorized as FHSU-P, while those whose 

parents answered “No” as FHSU-N (Supplementary Figure S1). 

This operationalization re"ects a more stringent criterion than 

simple exposure, as it captures only those relatives whose 

substance use was associated with significant functional or 

psychosocial impairment.

Measures

Psychopathology

We assessed participant psychopathology using t-scores 

from the parent-reported Child Behavior Checklist (CBCL). 

The CBCL is a 113-item questionnaire designed to evaluate 

psychiatric symptoms and behavioral problems in adolescents 

aged 11–18 years. Each CBCL item is rated on a three-point 

scale, including 0 (not true), 1 (somewhat or sometimes true), 

and 2 (very true or often true). The CBCL item scores were 

used to compute eight dimensions of internalizing and 

externalizing behaviors as well as the total CBCL score (35). For 
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the current study, we used validated broad-band scales assessing 

symptoms of internalizing, externalizing behaviors, and total 

problems as outcome variables.

Impulsivity

Trait impulsivity was assessed using the youth-reported Short 

Form UPPS-P Impulsive Behavior Scale (UPPS-P), a validated 

20-item version of the original 59-item questionnaire (36).This 

measure assesses impulsivity across five dimensions: negative 

urgency, positive urgency, lack of premeditation, lack of 

perseverance, and sensation seeking. Items were rated on a 

Likert scale from 1 (“agree strongly”) to 4 (“disagree strongly”), 

and the additive total score for each dimension was in this 

study. Higher scores indicate greater levels of trait impulsivity.

Reward prediction error

Reward prediction error was computed from the behavioral 

data from the Monetary Incentive Delay (MID) task (37, 38). 

The MID task is designed to measure and assess anticipation 

and outcome of gain or loss and thereby is suitable to 

determine positive and negative prediction error (PPE and NPE, 

respectively). This task has been used extensively to study the 

development of reward circuits (39–41) and the impact of 

substance use on these circuits (38, 42–47). However, some have 

also raised concerns that the MID is suboptimal for computing 

of RPE (48–50).

Each trial of the MID task begins with an incentive cue 

(2,000 ms) for five possible trial types (Win $.20, Win $5, Lose 

$.20, Lose $5, $0-no money at stake) and is followed by a 

jittered anticipation event (1,500–4,000 ms). Next, a variable 

target (150–500 ms) appears during which the participant 

responds to either win money or avoid losing money. This is 

followed by a feedback message informing the participant of the 

outcome of the trial. The win and lose trials are categorized as 

Small and Large Reward and Small and Large loss respectively. 

No money stake trial is categorized as neutral trial. The duration 

of the feedback is calculated as 2,000 ms minus the target 

duration. The task consists of twelve trial orders of the 

task (2 runs each). Each run consists of 50 contiguous trials (10 

per trial type) presented in pseudorandom order and lasts 

5:42 min (51).

TABLE 1 Demographic details and test statistics for the FHSU cohort.

Demographic 
details

FHSU-N FHSU-P Test 
statistics

N = 4,369 N = 1,955

Sex

Male 2,250 (51.5%) 982 (50.2%) Z = −0.893, 

p = 0.372Female 2,110 (48.3%) 971 (49.7%)

Other 9 (0.19%) 2 (0.1%)

Parent age

20–25 Years 15 (0.34%) 3 (0.15%) Z = −5.082,  

p = < 0.00126–30 years 229 (5.24%) 132 (6.75%)

31–35 years 581 (13.3%) 407 (20.82%)

36–40 Years 1,313 

(30.05%)

537 (27.47%)

41–45 Years 1,335 

(30.56%)

480 (24.55%)

46–50 Years 657 (15.04%) 291 (14.88%)

>50 Years 217 (4.97%) 101 (5.17%)

Race & ethnicity

Hispanic 774 (17.72%) 400 (20.46%) Z = −2.440, 

p = 0.015White 2,672 

(61.16%)

1,133 

(57.95%)

Black 422 (9.66%) 193 (9.87%)

Asian 97 (2.22%) 8 (0.41%)

others 404 (9.25%) 221 (11.3%)

Parent relationship

Child’s Biological Mother 3,810 

(87.21%)

1,702 

(87.06%)

Z = −0.675, 

p > 0.500

Child’s Biological Father 485 (11.1%) 143 (7.31%)

Adoptive Parent 20 (0.46%) 58 (2.97%)

Child’s Custodial Parent 18 (0.41%) 29 (1.48%)

Other 36 (0.82%) 23 (1.18%)

Parent employment

Working now: Full-Time/ 

Part-Time

3,164 

(72.42%)

1,436 

(73.45%)

Z = −0.949, 

p = 0.343

Temporarily Laid off 24 (0.55%) 6 (0.31%)

Looking for work 120 (2.75%) 58 (2.97%)

Retired 14 (0.32%) 14 (0.72%)

Disabled: Permanently or 

Temporarily

50 (1.14%) 50 (2.56%)

Stay-at-Home Parent 807 (18.47%) 283 (14.48%)

Student 71 (1.63%) 59 (3.02%)

Other (Specify) 76 (1.74%) 34 (1.74%)

Sick Leave 2 (0.05%) 4 (0.2%)

Maternity Leave 4 (0.09%) 4 (0.2%)

Unemployed not looking for 

work

29 (0.66%) 5 (0.26%)

Refused to answer 8 (0.18%) 10 (0.1%)

Marital status

Married 3,382 

(77.41%)

1,310 

(67.01%)

Z = −8.716, 

p < 0.0001

Widowed 21 (0.59%) 19 (0.88%)

Divorced 350 (8%) 206 (10.54%)

Separated 117 (2.68%) 85 (4.35%)

Never Married 330 (7.55%) 223 (11.41%)

Living with Partner 155 (3.55%) 108 (5.52%)

Refused to Answer 14 (0.32%) 4 (0.2%)

Combined income

Less than $5,000 95 (2.17%) 32 (1.64%) Z = −8.892, 

p < 0.0001$5,000 through $11,999 80 (1.83%) 48 (2.46%)

$12,000 through $15,999 70 (1.6%) 27 (1.38%)

(Continued) 

TABLE 1 Continued

Demographic 
details

FHSU-N FHSU-P Test 
statistics

N = 4,369 N = 1,955

$16,000 through $24,999 123 (2.82%) 76 (3.89%)

$25,000 through $34,999 180 (4.12%) 112 (5.73%)

$35,000 through $49,999 278 (6.36%) 199 (10.18%)

$50,000 through $74,999 502 (11.49%) 287 (14.68%)

$75,000 through $99,999 621 (14.21%) 332 (16.98%)

$100,000 through $199,999 1,513 

(34.63%)

575 (29.41%)

$200,000 and greater 625 (14.31%) 168 (8.59%)

Don’t know 132 (3.02%) 53 (2.71%)
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Computational model

To determine the Reward Prediction Error (RPE), we used the 

Reinforcement Learning (RL) framework of (52, 53). This model 

determines the RPE using reward cues and actual reward 

outcomes. The model had two independent variables expected 

value (EV) and Reward Prediction Error (RPE). For any given 

trial “t”

EVt ¼ pGaint � Cut 

RPEt ¼ Rt � EVt 

pGaintþ1 ¼ pGaint þ h
RPEt

Cut 

where, Cu is the possible reward (−0.2, −5, 0, 5 or 0. 2 points), EV 

is the expected value (EV), R is the actual reward, RPE is the 

reward prediction error, pGain is participant’s subjective 

probability of obtaining the reward, η is the learning rate, and t 

corresponds to trial t. Probability (pGain) was initially set to 0.5 

and was predicated based on prediction error and cue in the 

subsequent trials. The learning rate was assumed to be the 

same for all subjects and set to 0.7 (52, 54). We determined 

the positive and negative prediction error (PPE and NPE, 

respectively). PPE is when the reward is higher than the 

expected value and NPE when reward is lower than the 

expected value.

Statistical analysis

K-means clustering
K-means clustering (85) was used to identify distinct 

subgroups among FHSU-P adolescents. K-means clustering aims 

to partition, or minimize, the average squared distance between 

“n” observations and a centroid of a cluster, such that each 

observation is assigned to the cluster with the nearest mean 

(55). K-means clustering has been favored over other 

unsupervised learning methods because of its cluster quality, 

relative strength in predictive power in large data sets (56, 57).

In this study, K-Means clustering was performed among the 

FHSU- P group based on 33 socio-demographic variables 

(Supplementary Table S3), selected based on their established 

relevance to in"uence brain-behavior-environment associations 

(27). These variables spanned three broad domains: (i) 8 

parental characteristics (e.g., age, education, employment, 

marital status), (ii) 11 family and sustenance-related indicators 

(e.g., income, financial adversity, psychiatric history), and (iii) 

14 child and school-related factors (e.g., academic engagement, 

peer relationships, substance use). Missing values were imputed 

where required to avoid skewness in clustering analyses. This 

multidimensional approach was intended to capture the 

complex socio-environmental context surrounding each 

participant, enhancing the interpretability and ecological validity 

of the resulting clusters. The number of clusters to identify the 

subgroups was chosen based on the Elbow Method (58–60) 

that involves the computation of distortion between cluster 

points and their centroids. The objective is to identify the 

optimal number of subgroups that minimize distortion, to 

ensure the stability and reliability of the clustering, we ran the 

clustering analysis k-means (n_init = 10) across 20 random 

seeds, yielding identical 5-cluster solutions with minimal 

centroid variation (mean shift: 0.004 ± 0.002). Further Bootstrap 

resampling (n = 100) produced highly consistent cluster 

assignments (mean NMI: 0.941 ± 0.021, range: 0.879–0.979). 

Such rigorous technique yielded optimal cluster number (k = 5) 

which was chosen based on the elbow method (k = 2–10). 

To stabilize the number of subgroups, a Silhouette visualization 

was performed. Silhouette scores (61–63) are calculated for 

different cluster/subgroup configurations, and the results are 

analyzed to finalize the number of subgroups. Davies scores 

(64, 65) were used to determine the degree of separation of 

Subgroups and the predictive power of underlying data. 

Principal Component Analysis (PCA) was employed for 

visualizing the Subgroups and gaining insights into their 

structure. Finally, SHapley Additive exPlanations (SHAP) 

method (66) was used to assess the relative contribution of each 

feature to model predictions.

Additionally, we performed a sensitivity analysis, calculating 

family history density of SUD (FHD) scores for each participant 

in every subgroup and then comparing FHSU based subgroups 

on FHD scores, to ensure that our FHSU-P clusters were 

not just a proxy for density of alcohol and drug problems in the 

family system. For each participant, FHD was calculated by 

taking the sum of positive reports of problems from biological 

parents (+0.5) and biological grandparents (+0.25) (67). These 

were combined across alcohol and drug problems ranging from 

0 to 4, with a score of 0 indicating the absence of problems. All 

participants were assigned an FHD score.

Mixed linear models

All CBCL, UPPS-P, and RPE measures were analyzed using 

linear mixed-effects models (LMM) implemented with the lme4 

package (https://cran.r-project.org/web/packages/lme4/lme4.pdf) 

in R (http://www.r-project.org/). Subgroup membership (FHSU- 

P), identified via k-means clustering, was entered as a 

categorical fixed-effect predictor, with one subgroup designated 

as the reference category. Key demographic variables (sex 

assigned at birth, interview age, and race/ethnicity) were 

included as fixed-effect covariates to account for variations in 

biological differences, parenting style, and socio-economic 

context. Dependent variables included psychopathology indexed 

by CBCL (internalizing problems, externalizing problems, and 

total problem scores), impulsivity indexed by the UPPS-P 

subscales (positive urgency, lack of premeditation, lack of 

perseverance, sensation seeking, and negative urgency), and 

reward prediction error parameters (positive and negative) from 

the MID task. Random intercepts were specified for site to 

account for study site variability and for family ID to account 

for the non-independence of sibling data (n = 1,588 siblings, 25. 

11% of sample).

The general form of the model used was:
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lmer(outcome_variable∼subgroup+sex+age 

+race_ethnicity+(1 | site)+(1 | family_ID), 

data=dataset, REML=FALSE)

Here, “outcome_variable” represents one of the behavioral or 

psychological measures; subgroup denotes the assigned FHSU-P 

subgroup; and sex, age, and race/ethnicity are fixed-effect 

covariates. Site and family ID are included as random effects. 

Models were fit using maximum likelihood estimation 

(REML = FALSE) to allow comparison of nested models.

To address multiple comparisons, false discovery rate (FDR) 

correction was applied within each outcome domain (CBCL, 

UPPS-P, and RPE) using the Benjamini–Hochberg procedure. 

This approach controls the false discovery rate within each 

family of related tests, ensuring domain-specific and statistically 

rigorous interpretation of results.

Results

Sample characteristics

Demographics of the FHSU sample, stratified by group (FHSU- 

N: n = 4,369; FHSU-P: n = 1,955), are summarized in Table 1. 

Significant differences were observed in select sociodemographic 

factors. The FHSU-N and FHSU-P groups did not significantly 

differ in sex distribution (p = 0.372) or parent employment status 

(p = 0.343). However, parents of FHSU-P youth were significantly 

younger than those of FHSU-N youth (p < 0.001), though most 

parents in both groups were between 31 and 45 years old (FHSU- 

N: 73.91%, FHSU-P: 72.84%).There were also significant group 

differences in ethnicity, with a greater proportion of Hispanic 

participants in the FHSU-P compared to FHSU-N group (20.46% 

vs. 17.72%, p = 0.015).

Significant group differences were also observed in marital 

status (p < 0.0001), such that there was a higher proportion of 

married parents in FHSU-N group (77.41%) compared to 

FHSU-P group (67.01%). Lastly, combined income levels also 

varied significantly between the two groups, with the FHSU-N 

group reporting a higher proportion of individuals earning 

$200,000 or more annually compared to those with FHSU-P 

(14.31% vs. 8.59%, p < 0.0001).

K-means clustering

Clustering of FHSU-P group using the Elbow method 

(Figure 1) revealed a distortion score of 78654.686 at k = 5 after 

which the distortion score "attened, suggesting that five clusters 

(subgroups) were the optimal solution. This solution was further 

supported by the Silhouette score (Supplementary Table S4, 

Supplementary Online), Davies Bouldin score (65) and the 

Calinski Harabaz Index.

The SHAP values defined the relative contribution of the input 

features in each subgroup. Across subgroups, the greatest SHAP 

values were noted for Involvement with prosocial peers, parent 

employment, parents combined income, school disengagement, 

school involvement, marital status, social role engagement, 

involvement with rule breaking peers, likeness to parent 

behavior. These nine factors accounted for the largest amount of 

FIGURE 1 

Elbow method determining the number of clusters.
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variance that defined the subgroups. The subgroups, as shown in 

Table 2, are defined as: 

• Subgroup 1 was primarily characterized by working parents. 

Other factors included high positive attitude towards school, 

high family income and moderate acceptance of parenting.

• Subgroup 2 was primarily characterized by the parent-responder 

being a stay-at-home parent. Other factors included high 

positive attitude towards school, high income, moderate social 

engagement, and moderate acceptance of parenting.

• Subgroup 3 was primarily characterized by the lower income 

and not married parents. Other factors included neither 

positive or negative attitude towards school, low social 

engagement, and low acceptance of parenting styles.

• Subgroup 4 was primarily characterized by the lowest pro-social 

peer involvement. Other factors included high family income, 

moderate positive attitude towards school, limited social 

engagement, and low acceptance of parenting.

• Subgroup 5 was primarily characterized by the least likeness to 

school. Other factors included high income, low school 

involvement, low social engagement, and low acceptance of 

parent behavior.

Demographic comparisons between FHSU-P subgroups and 

FHSU-N are shown in Table 3. Notable demographic difference 

between FHSU-P subgroups and the FHSU-N group, beyond 

what was observed between FHSU-P comparison with FHSU-N, 

emerged in sex such that Subgroup 5 showed significantly 

higher proportion of males (59.6%) compared to that in FHSU- 

N (51.5%; χ2 = 13.41; p = 0.037; Table 3).

Regarding our sensitivity analysis examining subgroup 

differences in FHD scores, pairwise comparison between FHSU- 

P subgroups on FHD scores revealed that Subgroup 3 had the 

highest FHD scores compared to all other subgroup (t > −0.21, 

pFDR < 0.0007; Supplementary Tables S6A,B). Moreover, 

Subgroup 1 and 5 did not differ on FHD scores (t = 0.013; 

pFDR < 0.730; Supplementary Tables S6A,B).

Child behavior checklist (CBCL)

Comparison between the FHSU-P and FHSU-N participants 

revealed significantly higher scores in FHSU-P on internalizing 

(CE = 2.16, pFDR < 0.0001), externalizing (CE = 2.56, 

pFDR < 0.0001), and total (CE = 2.73, pFDR < 0.0001) problem 

scores compared to FHSU-N participants.

Compared to the FHSU-N group, all five FHSU-P subgroups 

had significantly higher scores on internalizing (CE > 1.17, 

pFDR < 0.0059), externalizing (CE > 1.27, pFDR < 0.0014), and 

total problems (CE > 1.28, pFDR < 0.0036), compared to the 

FHSU-N cohort. Among the FHSU-P subgroups, Subgroup 1 

showed the lowest externalizing, internalizing, and total 

problems scores (Table 4; Supplementary Table S5).

Impulsivity

Comparison between the FHSU-P and FHSU-N participants 

revealed significantly higher scores in FHSU-P on negative 

(CE = 0.17, pFDR = 0.0276) and positive (CE = 0.25, 

pFDR = 0.0012) urgency, and lack of planning (CE = 0.18, 

pFDR = 0.0051) and perseverance (CE = 0.14, pFDR = 0.0298), as 

summarized in Table 5. However, no significant between-group 

differences were observed in sensation seeking (CE = −0.0048, 

pFDR = 0.9475).

Pairwise comparisons between the FHSU-N and each FHSU-P 

subgroup suggested the presence of a gradient of impulsivity 

severity. Subgroup 1, which had risk-reducing traits (e.g., such as 

high parental support and low school disengagement), showed 

significantly lower scores on lack of perseverance (CE = −0.33, 

pFDR = 0.0003). Subgroup 2 had comparable impulsivity scores as 

the FHSU-N group. Subgroup 3, with moderate traits, showed 

significantly higher scores on positive urgency (CE = 0.52, 

pFDR = 0.0066). Subgroups 4 and 5 showed significantly higher 

impulsivity scores compared to FHSU-N. Subgroup 4 exhibited 

significantly higher scores on lack of perseverance (CE = 0.65, 

pFDR = 0.0001) and higher sensation seeking (CE = 0.47, 

pFDR = 0.0358), both compared to the FHSU-N group. Whereas 

Subgroup 5 showed significantly higher scores on negative 

urgency (CE = 0.58, pFDR < 0.0001), positive urgency (CE = 0.53, 

pFDR = 0.0003), lack of planning (CE = 1.10, pFDR < 0.0001), and 

lack of perseverance (CE = 0.99, pFDR < 0.00001).

In summary, increased scores in lack of perseverance was the 

most common finding for the FHSU-P Subgroups compared to 

FHSU-N controls. Also of interest is the notion of a gradient of 

increased impulsivity among the FHSU-P subgroups (Table 4; 

Supplementary Table S5) such that for Subgroup 2 there were 

no significantly increased impulsivity scores, Subgroups 1 and 3 

TABLE 2 FHSU-P subgroups and their defining characteristics, with the highest-ranked differentiating features highlighted.

Subgroup determining 
factors

Subgroup 1 
(n = 744)

Subgroup 2 
(n = 300)

Subgroup 3 
(n = 267)

Subgroup 4 
(n = 201)

Subgroup 5 
(n = 443)

Involvement with Pro Social Peers Half of the peers Half of the peers A Few Almost None A Few

Parent Employment Working now Stay at Home Working now Working now Working now

Parent Combined Income ($) 100 K–200 K 100 K–200 K 12 K–16 K 50 K–75 K 100 K–200 K

School Disengagement Definitely not true Definitely not true Mostly True Mostly not true Definitely True

School Involvement Mostly True Mostly True Mostly True Mostly not true Mostly Not true

Marital Status Married Married Never Married Married Married

Social Role Engagement Somewhat True Somewhat True Not True Not True Not true

Involvement with Rule Breaking 

Peers

Almost None Almost None Almost None Almost None Almost None

Likeness to Parent Behavior Somewhat (like him) Somewhat (like him) Not like (him) Not like (him) Not like (him)
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TABLE 3 Socio-demographic variables and SED indicators distribution by subgroups.

Demographic Details FHSU-N 
(4,369)

FHSU-P (1,955) Test statistics

SG1 
(744)

SG2 
(300)

SG3 
(267)

SG4 
(201)

SG5 
(443)

Sex

Male 2,250 (51.5%) 347 (46.64%) 141 (47%) 132 (49.44%) 98 (48.76%) 264 (59.59%) SG1 (χ2 = 7.82; p = 0.252) 

G2 (χ2 = 6.30; p = 0.389) 

G3 (χ2 = 1.02; p = 0.984) 

G4 (χ2 = 1.04; p = 0.984) 

G5 (χ2 = 13.41; p = 0.037)*

Female 2,110 (48.3%) 397 (53.36%) 158 (52.67%) 135 (50.56%) 103 (51.24%) 178 (40.18%)

Other 9 (0.19%) 0 (0%) 1 (0.33%) 0 (0%) 0 (0%) 1 (0.33%)

Parent age

Parent Age 40.39 (6.67) 40.69 (6.64) 38.61 (6.22) 37.48 (8.64) 40.22 (7.29) 40.32 (6.34) SG1 (t = 1.16; p = 0.246) 

G2 (t = −4.76; p < 0.001)* 

SG3 (t = −5.39; p < 0.001)* 

G4 (t = −0.318; p = 0.756) 

G5 (t = −0.210; p = 0.834)

Parent relationship

Child’s Biological Mother 3,810 (87.21%) 638 (85.75%) 267 (89%) 235 (88.01%) 174 (86.57%) 388 (87.58%) SG1 (χ2 = 50.46; p < 0.001)* 

G2 (χ2 = 39.93; p < 0.001)* 

G3 (χ2 = 53.28; p < 0.001)* 

G4 (χ2 = 64.57; p < 0.001)* 

G5 (χ2 = 71.80; p < 0.001)*

Child’s Biological Father 485 (11.1%) 69 (9.27%) 15 (5%) 16 (5.99%) 13 (6.47%) 30 (6.77%)

Adoptive Parent 20 (0.46%) 21 (2.82%) 6 (2%) 5 (1.87%) 10 (4.98%) 16 (3.61%)

Child’s Custodial Parent 18 (0.41%) 6 (0.81%) 6 (2%) 9 (3.37%) 1 (0.5%) 7 (1.58%)

Other 36 (0.82) 10 (1.34%) 6 (2%) 2 (0.75%) 3 (1.49%) 2 (0.45%)

Marital status

Married 3,382 (77.41%) 553 (74.33%) 255 (85%) 47 (17.6%) 132 (65.67%) 323 (72.91%) SG1 (χ2 = 19.1; p < 0.001)* 

G2 (χ2 = 29.55; p < 0.001)* 

G3 (χ2 = 591.8; p < 0.001)* 

G4 (χ2 = 17.92; p = 0.006)* 

G5 (χ2 = 18.33; p = 0.005)*

Widowed 21 (0.59%) 5 (0.67%) 5 (1.67%) 4 (1.5%) 1 (0.5%) 4 (0.9%)

Divorced 350 (8%) 72 (9.68%) 10 (3.33%) 45 (16.85%) 24 (11.94%) 55 (12.42%)

Separated 117 (2.68%) 37 (4.97%) 12 (4%) 16 (5.99%) 10 (4.98%) 10 (2.26%)

Never Married 330 (7.55%) 42 (5.65%) 7 (2.33%) 126 (47.19%) 21 (10.45%) 27 (6.09%)

Living with Partner 155 (3.55%) 33 (4.44%) 10 (3.33%) 28 (10.49%) 13 (6.47%) 24 (5.42%)

Refused to Answer 14 (0.32%) 2 (0.27%) 1 (0.33%) 1 (0.37%) 0 (0%) 0 (0%)

Parent employment

Working now (Full-Time or Part- 

Time)

3,164 (72.42%) 732 (37.44%) 0 (0%) 167 (8.54%) 154 (7.88%) 383 (19.59%) SG1 (χ2 = 278.26; p < 0.001) 

* 

G2 (χ2 = 836.48; p < 0.001)* 

G3 (χ2 = 14.07; p = 0.002)* 

G4 (χ2 = 1.38; p = .2276) 

G5 (χ2 = 44.46; p < 0.001)*

Combined income

$100,000 through $199,999 1,513 (34.63%) 293 (14.99%) 81 (4.14%) 0 (0%) 52 (2.66%) 149 (7.62%) SG1 (χ2 = 15.12; p = 0.0001) 

* 

G2 (χ2 = 4.87; p = 0.0235)* 

G3 (χ2 = 135.85; p < 0.0001) 

* 

G4 (χ2 = 4.46; p = .0.0325)* 

G5 (χ2 = 0,05; p = 0.7934)*

Food availability

Yes 4,162 (95.26%) 711 (95.56%) 283 (94.33%) 223 (83.52%) 184 (91.54%) 424 (95.71%) SG1 (χ2 = 2.91; p = 0.233) 

G2 (χ2 = 0.66; p = 0.717) 

G3 (χ2 = 69.59; p < 0.001)* 

G4 (χ2 = 5.89; p = 0.052) 

G5 (χ2 = 1.73; p = 0.420)

No 190 (4.35%) 33 (4.44%) 16 (5.33%) 42 (15.73%) 16 (7.96%) 19 (4.29%)

Telephone services

Yes 4,229 (96.8%) 737 (99.06%) 298 (99.33%) 236 (88.39%) 195 (97.01%) 438 (98.87%) SG1 (χ2 = 11.82; p = 0.003)* 

G2 (χ2 = 0.61; p = 0.049) 

G3 (χ2 = 53.80; p < 0.001)* 

G4 (χ2 = 0.92; p = 0.633) 

G5 (χ2 = 6.06; p = 0.048)

No 131 (3%) 7 (0.94%) 2 (0.67%) 31 (11.61%) 5 (2.49%) 5 (1.13%)

Rent payment

Yes 4,075 (93.27%) 682 (91.67%) 282 (94%) 200 (74.91%) 176 (87.56%) 412 (93%) SG1 (χ2 = 3.53; p = 0.169) 

G2 (χ2 = 0.93; p = 0.628) 

G3 (χ2 = 118.67; p < 0.001)* 
No 282 (6.45%) 61 (8.2%) 18 (6%) 65 (24.34%) 23 (11.44%) 31 (7%)

(Continued) 
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showed increased impulsivity in only one domain, Subgroup 4 had 

increased impulsivity in 2 domains and Subgroup 5 in four 

domains (Supplementary Table S5). Additionally, the increase in 

impulsivity dimensions was not uniform across FHSU-P 

subgroups except for poor perseverance which was common to 

all but Subgroups 2 and 3.

TABLE 3 Continued

Demographic Details FHSU-N 
(4,369)

FHSU-P (1,955) Test statistics

SG1 
(744)

SG2 
(300)

SG3 
(267)

SG4 
(201)

SG5 
(443)

G4 (χ2 = 11.09; p = 0.004) 

G5 (χ2 = 1.40; p = 0.496)

Eviction

Yes 4,322 (98.92%) 742 (99.73%) 300 (100%) 260 (97.38%) 200 (99.5%) 442 (99.77%) SG1 (χ2 = 4.44; p = 0.108) 

G2 (χ2 = 3.26; p = 0.196) 

G3 (χ2 = 6.92; p < 0.031)* 

G4 (χ2 = 0.68; p < 0.713) 

G5 (χ2 = 2.97; p < 0.226)

No 42 (0.96%) 2 (0.27%) 0 (0%) 7 (2.62%) 1 (0.5%) 1 (0.23%)

Utility payment

Yes 4,228 (96.77%) 716 (96.24%) 297 (99%) 240 (89.89%) 195 (97.01%) 431 (97.29%) SG1 (χ2 = 1.48; p = 0.478) 

SG2 (χ2 = 4.68; p = 0.096) 

SG3 (χ2 = 36.10; p < 0.001)* 

SG4 (χ2 = 3.15; p = 0.206) 

SG5 (χ2 = 1.26; p = 0.531)

No 137 (3.14%) 28 (3.76%) 3 (1%) 27 (10.11%) 5 (2.49%) 11 (2.48%)

Healthcare expense

Yes 4,226 (96.73%) 715 (96.1%) 285 (95%) 250 (93.63%) 189 (94.03%) 416 (93.91%) SG1 (χ2 = 1.94; p = 0.038) 

G2 (χ2 = 3.33; p = 0.189) 

G3 (χ2 = 8.30; p = 0.016)* 

G4 (χ2 = 5.00; p = 0.820) 

G5 (χ2 = 10.95; p = 0.004)*

No 138 (3.16%) 29 (3.9%) 15 (5%) 17 (6.37%) 12 (5.97%) 27 (6.09%)

Dentalcare expenses

Yes 4,062 (92.97%) 682 (91.67%) 267 (89%) 225 (84.27%) 180 (89.55%) 404 (91.2%) SG1 (χ2 = 3.715; p = 0.156) 

G2 (χ2 = 8.01; p = 0.018) 

G3 (χ2 = 29.85; p < 0.001)* 

G4 (χ2 = 3.69; p = 0.158) 

G5 (χ2 = 3.31; p = 0.191)

No 298 (6.82%) 62 (8.33%) 33 (11%) 42 (15.73%) 20 (9.95%) 39 (8.8%)

Family history density of substance use problems

FHD Score 0.10 (0.22) 0.56 (0.72) 0.59 (0.74) 0.88 (0.86) 0.73 (0.72) 0.63 (0.71) SG1 (t = 17.24; p < 0.001)* 

G2 (t = 11.44; p < 0.001)* 

G3 (t = 14.73; p < 0.001)* 

G4 (t = 11.10; p < 0.001)* 

G5 (t = 15.63; p < 0.001)*

TABLE 4 Comparison of UPPS-P impulsivity scores and CBCL symptom scores (internalizing, externalizing, and total) between FHSU-P subgroups, with 
statistically significant differences in the gradient highlighted (i.e., darker shades show greater difference).

CBCL and impulsivity 
measures

Subgroup 1 
(n = 744)

Subgroup 2 
(n = 300)

Subgroup 3 
(n = 267)

Subgroup 4 
(n = 201)

Subgroup 5 
(n = 443)

Impulsive Behavior Scale—Negative 

Urgency

8.21 ± 2.57 8.52 ± 2.71 8.55 ± 2.77 8.77 ± 2.73 8.96 ± 2.6

Impulsive Behavior Scale—Lack of 

planning

7.47 ± 2.17 7.57 ± 2.26 7.48 ± 2.41 7.84 ± 2.24 8.81 ± 2.57

Impulsive Behavior Scale— 

Sensation Seeking

10.09 ± 2.61 9.7 ± 2.61 9.58 ± 2.77 9.28 ± 2.77 9.92 ± 2.53

Impulsive Behavior Scale—Positive 

Urgency

7.68 ± 2.92 7.75 ± 2.84 8.48 ± 2.95 8.17 ± 3.13 8.25 ± 3.03

Impulsive Behavior Scale—Lack of 

Perseverance

6.55 ± 1.9 6.8 ± 1.9 6.86 ± 2.14 7.56 ± 2.4 7.92 ± 2.32

Internal CBCL Syndrome 48.57 ± 10.3 50.63 ± 10.26 50.84 ± 10.85 51.03 ± 10.63 49.97 ± 10.56

External CBCL Syndrome 45.28 ± 9.73 47.34 ± 10.4 48.97 ± 10.75 47.87 ± 10.71 47.22 ± 9.84

Total Prob CBCL Syndrome 45.45 ± 10.67 47.78 ± 11.14 49.06 ± 11.62 49.24 ± 11.32 47.78 ± 10.66

Low High
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Reward prediction errors

Comparison between the FHSU-P and FHSU-N participants 

revealed comparable PPE and NPE for both large reward and 

large loss (Large reward PPE: CE = 0.009, pFDR = 0.8530; Large 

loss PPE: CE = −0.021, pFDR = 0.7687; Large reward NPE: 

CE = 0.032, pFDR = 0.2572; Large loss NPE: CE = −0.154, 

pFDR = 0.0859].

Pairwise comparisons between the FHSU-N and each FHSU-P 

subgroup revealed no significant between-group differences 

(CE < 0.06, pFDR > .44), except that Subgroup 1 showed less 

negative NPE to large losses compared to FHSU-N group 

(CE = −0.0178, pFDR = .0301). Similarly, pairwise comparisons 

between the FHSU-P Subgroups revealed no significant 

differences in either NPE or PPE (CE < 0.11, pFDR > .0611).

Overall, Subgroups 1 and 2 showed the lowest clinical 

symptoms and impulsivity, compared to the other FHSU-P 

subgroups, and Subgroup 5 showed the highest impulsivity 

traits. However, FHSU-P subgroups did not differ in RPE, 

except for Subgroup 1 which showed a greater large loss RPE 

compared to FHSU-N group.

Lastly, UPPS and CBCL scores were significantly correlated 

within each FHSU-P subgroup, PPE and NPE were not 

correlated with UPPS and CBCL measures (Supplementary 

Figures S2A–F).

Discussion

In this study, we identified distinct subgroups of adolescents 

with familial risk for substance use disorder (SUD) based on 

sociodemographic and psychosocial factors. These subgroups fell 

along a spectrum of environmental advantage (i.e., higher family 

income, supportive parents, positive school and peer 

engagement) to disadvantage (e.g., lower income, unmarried 

parents, poor school and peer engagement) and differed 

markedly in both psychopathology symptoms and impulsivity 

levels. In particular, the more advantaged subgroups (Subgroups 

1 and 2) showed lower psychopathology and impulsivity, 

whereas the more disadvantaged subgroups (Subgroups 3, 4, 

and 5) exhibited heightened psychopathology symptoms and 

elevated impulsivity patterns across multiple domains. 

Surprisingly, reward sensitivity did not differ between the 

subgroups, although this may re"ect methodological constraints 

of the task used to derive prediction error estimates. 

Interestingly, within the subgroups with more favorable factors, 

Subgroup 2 was predominantly defined by the presence of a 

non-working, possibly stay-home parent, yet high family 

income, whereas Subgroup 1 was defined by working parents 

and a combination of additional favorable factors. Indeed, the 

impact of the role of stay-home vs. working parent on 

behavioral development is an active area of research, with some 

studies showing that children with stay-home mothers may 

exhibit less aggressive behaviors (68–70), while others showing 

no difference in behaviors for children with either working or 

stay-home parents (71). These findings highlight the importance 

of psychosocial context, individual differences in impulsivity, 

and potential methodological limitations in measuring reward 

processing within at-risk youth populations.

We also found Subgroups 1 and 2 to have the lowest levels of 

psychopathology symptoms as well as impulsivity in several 

domains within the FHSU-P subgroups, suggesting potential 

protective factors of intact parenting and parental relationships 

that may mitigate the impact of familial SUD risk (72). 

Conversely, Subgroups 3, 4, and 5 exhibited more pronounced 

psychopathology symptoms, suggesting possibly heightened 

vulnerability in those adolescents with disadvantageous 

psychosocial exposures and emphasizing the need for 

personalized approaches to assessment and intervention that 

account for individual differences in symptom presentation and 

risk profiles. However, note that unlike Subgroups 3 and 4, 

Subgroup 5 had greater proportion of females compared to 

males. These findings, especially of the aspects of impulsivity, 

are consistent with reports that implicate impulsivity in the 

etiology and maintenance of SUD (73, 74). Interestingly, 

however, such heightened vulnerability did not appear to be 

associated with the density of SUD problems in the family, since 

only Subgroup 3 showed the highest FHD scores compared to 

both more protective Subgroups 1 and 2, and more vulnerable 

Subgroups 4 and 5. Moreover, FHD scores were not significantly 

different between Subgroups 1 (most protective) and 5 (most 

vulnerable). From treatment planning standpoint, these findings 

underscore the importance of considering individual differences 

in impulsivity when assessing individuals with FHSU-P 

and designing targeted interventions aimed at reducing 

impulsive behaviors.

In contrast to our hypothesis, FHSU-P subgroups did not 

differ in terms of reward sensitivity, specifically quantified as 

computationally derived behavioral measures of positive and 

negative reward prediction error. Although it is plausible that 

these subgroups may indeed be comparable on positive and 

negative reward prediction error, we must also note that the 

MID task used in ABCD Study is not an optimal task to derive 

prediction error measures and for examining learning (75, 76). 

Perhaps the lack of differences in RPE between FHSU-P 

TABLE 5 Comparison of mean and standard deviation of UPPS-P 
impulsivity scores and CBCL symptom scores (internalizing, 
externalizing, total) between FHSU-N and FHSU-P, with statistically 
significant differences highlighted by green shading.

CBCL and impulsivity 
measures

FHSU-N 
(n = 4,369)

FHSU-P 
(n = 1,955)

Impulsive Behavior Scale— 

Negative Urgency

8.34 ± 2.54 8.53 ± 2.66

Impulsive Behavior Scale—Lack 

of planning

7.66 ± 2.22 7.83 ± 2.38

Impulsive Behavior Scale— 

Sensation Seeking

9.87 ± 2.62 9.84 ± 2.64

Impulsive Behavior Scale— 

Positive Urgency

7.68 ± 2.81 7.98 ± 2.97

Impulsive Behavior Scale—Lack 

of Perseverance

6.9 ± 2.16 7.05 ± 2.16

Internal CBCL Syndrome 47.46 ± 10.06 49.77 ± 10.5

External CBCL Syndrome 44.06 ± 9.44 46.8 ± 10.18

Total Prob CBCL Syndrome 44.22 ± 10.42 47.22 ± 11.03
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subgroups re"ects this methodological limitation, and 

therefore, needs further validation. Nevertheless, recent 

reports have assessed the reliability of RPE, derived from the 

MID task, in encoding in young populations (48, 77), 

supporting the notion that RPE variable computed from the 

MID task may have utility in identifying specific patterns of 

reward-related brain activation, which in turn may also 

correlated with impulsivity measures in young populations. In 

case of the current study, comparing the groups on the RPE 

variable is an initial assessment for any possible reward 

sensitivity differences among the subgroups. Based on the 

established practices of utilizing computational variables in 

brain neuroimaging, RPE will need to be incorporated in an 

independent set of whole brain analyses of the sample to 

investigate for differences in brain activation and connectivity 

among the subgroups, which in turn may be linked to future 

drug initiation. An alternative consideration is that although 

impaired reward processing is associated with drug use 

initiation, it may not be related to FHSU-P or the underlying 

biology (78, 79) and in some cases overshadowed by complex 

interplay of other behavioral traits (80).

A major novelty of this study is that it attempts to 

subcategorize a large cohort of young FHSU-P youth in 

relation to environmental exposures in order to investigate 

two main objectives: first, that a set of relevant exposures will 

be able to differentiate independent subgroups with either 

favorable (possibly protective) and unfavorable environmental 

exposures, and second, that these groups may show significant 

differences in some behavioral (e.g., impulsivity) and clinical 

measures. As such we view the reported results as preliminary 

but strongly suggest that investigations in similar directions 

may benefit from using clustering techniques (e.g., k-means, 

as used in this study) or latent class analyses [latent profile 

analysis (LPA) or latent class growth analysis (LCGA)], to 

stratify individuals with FHSU into unique subgroups for 

more personalized assessments. Indeed, the reported 

significant differences in impulsivity scores appears to be the 

most interesting findings especially as a starting point of 

more detailed investigation for possible brain based 

differences among the subgroups as it is well established that 

there are correlations between high impulsivity and indexes of 

brain morphology and physiology (81, 82). In addition, as 

this relationship will need to be replicated, it offers the 

possibility to identify individuals with particular exposure 

profiles that may benefit from interventions that specifically 

target impulsivity subtypes (e.g., sensation seeking vs. 

negative urgency).

Indeed, these types of investigation may have a far-reaching 

implication for both early identification for high risk individuals 

as well as provide guidance for prevention and treatment of 

substance use in adolescence. Conceptually, findings of robust 

moderating effects from environmental exposures can inform 

multisectoral prevention and early intervention strategies that 

improve outcomes for at-risk youth. For example, information 

on the moderating effect of environmental factors may allow for 

promoting initiative that, on one hand, may support 

environmental factors with positive contribution to preventing 

substance use initiation in youth and, on the other, to modify 

environmental factors that may facilitate or predispose youth 

to early drug experimentation. Such initiatives may need to be 

based in family, school or neighborhood settings and include 

home based family therapy and group activities promoting 

problem solving skills (e.g., resisting peers’ pressure for drug 

use, socializing without drug use etc.). Additionally, 

characterizing subgroups of youth who may have high levels of 

impulsive behaviors may allow clinicians to select most 

appropriate therapeutic strategies for addressing specific 

behaviors or symptoms. As impulsive behaviors may vary in 

respect to their inherent features (e.g., sensation seeking vs. 

positive or negative urgency) therapeutic goals may differ in 

reducing urges to seek novel experiences vs. managing urges to 

respond impulsively to different types of outcomes. Further, 

identifying impulsive behaviors as part of underlying disorders 

like ADHD may require considerations for pharmacological 

interventions in addition to behavioral therapies. In sum, more 

detailed information about stratifying large groups of youth 

who may have familial loading for SUD into “at risk” 

subgroups characterized by unique profiles of interacting 

environmental exposures and psychological features may allow 

for more effective “precision” approaches of preventing and 

treating adolescent substance use and related disorders.

Taken together, the next steps for this project are to conduct 

analyses of the longitudinal data that are available from 

ABCD and potentially determine which of the subgroups may 

exhibit high levels of substance initiation, at what ages these 

behaviors may occur and what types of biological characteristics 

(i.e., brain activation and connectivity) may be predictive of 

these behaviors. These types of analyses will be potentially able 

to produce results that can be used as evidence to support 

any recommendations for preventive, psychotherapeutic 

and psychopharmacological treatments for substance using 

adolescents as we have outlined in the introduction 

section. Additionally, such results may be applicable to 

recommendations for policy initiatives like age limits for legal 

substance use, parental consent for substance use treatment for 

minors, and legal consequences drug related offences for minors.

We want to also acknowledge relevant limitations that are 

important to consider when interpreting the findings. Firstly, 

the selection of demographic variables was guided by existing 

literature, but the findings here reinforce previous reports that 

advantageous and disadvantageous psychosocial exposures tend 

to cluster together along a positive-negative axis (27, 83, 84). 

Next, as discussed earlier, while the MID task is commonly used 

in research, its ability to fully capture prediction error or 

elucidate reinforcement learning mechanisms may be limited. 

Third, while we have done analysis of FHSU density, it was not 

included as factor for any analysis, that may have varying degree 

of resilience factors. As the next step, enhancing the study by 

incorporating additional measures, such as socio-demographic 

variables, social determinants of health, FHSU density or 

complementary tasks assessing reinforcement learning, would 

provide a more comprehensive understanding of the 
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phenomena under investigation. Moreover, conducting similar 

clustering analyses in the FHSU-N group could help determine 

whether the identified subgroups re"ect patterns specific to 

familial risk or instead capture broader socio-demographic 

or behavioral structures present across the general 

adolescent population.

Conclusion

The findings of this study highlight the importance of 

psychosocial context in shaping the clinical presentation of 

adolescents with positive family history for substance use. 

Understanding these relationships is critical for informing 

targeted interventions aimed at mitigating the impact of familial 

risk factors on the development and maintenance of substance 

use disorders. Future research should further elucidate the 

mechanisms underlying these associations and explore novel 

intervention strategies tailored to individual risk profiles within 

the FHSU-P population.

Data availability statement

Publicly available datasets were analyzed in this study. This 

data can be found here: ABCD Study. https://abcdstudy.org/.

Ethics statement

The studies involving humans were approved by Icahn School of 

Medicine at Mount Sinai. The studies were conducted in accordance 

with the local legislation and institutional requirements. Written 

informed consent for participation was not required from the 

participants or the participants’ legal guardians/next of kin in 

accordance with the national legislation and institutional 

requirements because secondary data was used in this study.

Author contributions

SA: Formal analysis, Investigation, Methodology, Writing – 

original draft, Writing – review & editing. RS: Formal analysis, 

Investigation, Methodology, Writing – original draft, Writing – 

review & editing. SP: Data curation, Visualization, Writing – 

original draft, Writing – review & editing. FA: Data curation, 

Writing – original draft, Writing – review & editing. SH: Formal 

analysis, Writing – original draft, Writing – review & editing. 

SF: Supervision, Writing – original draft, Writing – review & 

editing. SS: Supervision, Validation, Writing – original draft, 

Writing – review & editing. OE-S: Supervision, Validation, 

Writing – original draft, Writing – review & editing. CH: 

Conceptualization, Supervision, Writing – original draft, 

Writing – review & editing. II: Conceptualization, Investigation, 

Supervision, Writing – original draft, Writing – review & 

editing. MP: Conceptualization, Funding acquisition, 

Investigation, Supervision, Writing – original draft, Writing – 

review & editing.

Funding

The author(s) declare that financial support was received for 

the research and/or publication of this article. This research was 

supported by the National Institute on Drug Abuse to MAP 

(K01DA043615). CJH receives grant support from the National 

Institute on Drug Abuse (NIDA) (R01DA058303, Bench to 

Bedside Award, R33DA056230-02W1, R01DA056920), the 

American Academy of Child & Adolescent Psychiatry (AACAP), 

the Substance Abuse and Mental Health Services Administration 

(SAMHSA, H79 SP082126-01), the Doris Duke Charitable 

Foundation (Grant# 2020147), the National Network of 

Depression Centers (NNDC), and the Johns Hopkins University 

School of Medicine, and has served as a subject matter expert 

and consultant for SAMHSA.

Conflict of interest

The authors declare that the research was conducted in the 

absence of any commercial or financial relationships that could 

be construed as a potential con"ict of interest.

The author(s) declared that they were an editorial board 

member of Frontiers, at the time of submission. This had no 

impact on the peer review process and the final decision.

Generative AI statement

The author(s) declare that no Generative AI was used in the 

creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this 

article has been generated by Frontiers with the support of 

artificial intelligence and reasonable efforts have been made to 

ensure accuracy, including review by the authors wherever 

possible. If you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors 

and do not necessarily represent those of their affiliated organizations, 

or those of the publisher, the editors and the reviewers. Any product 

that may be evaluated in this article, or claim that may be made by its 

manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found 

online at: https://www.frontiersin.org/articles/10.3389/frcha.2025. 

1631474/full#supplementary-material

Ramakrishnan et al.                                                                                                                                                 10.3389/frcha.2025.1631474 

Frontiers in Child and Adolescent Psychiatry 12 frontiersin.org

https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Flinks.email.frontiersin.org%2Fls%2Fclick%3Fupn%3Du001.qPvnClRwyVsaBj5SNX-2FU6v7ATS2eeoHW3v-2F6PEoBzd0-3DXdXH_TJg6qbN-2FYTbqGc1HgwETGMc1Q3B7Lg7ESTznez8-2FfkjpMXoflt1jq-2Buxyikr4fzZD7B5ilgwL7K-2FaKygfkhA37H0T9MYb8Q8HBYalfRaGBDLNXQqUzIZG4KA43DqvSEB2acoedlg2c4XVnitgzRWbECpSA5qPMxfDZyLJ8YeeBL9evhDOoR3I2kq3XDfFBgwstSxajDhQwb3SyfemEVWl9TOInvFT-2BQ8YSHnpIvsXDj6rTijsMV1VhmkMjsNPb27Z12CwNbVCG5DNm8UUyVTantgpOIYnWuZJBzrdt7mRwlvYw1BJsE7X-2BFtkgAYdCgW576icfHCYLwpp-2BshknLwxS7N7xs7NLmKXFZ-2BA8Cp-2BsW-2FcrgOXowpk6ZacDdYpo-2Bm1msCLJFvVIvlJE2HnuyatQ-3D-3D%26data=05%7C02%7Cfrontiersnt%40novatechset.com%7C87232240d6364f30509708de0aefdc22%7Ca03a7f6cfbc84b5fb16bf634dbe1a862%7C0%7C0%7C638960222485893805%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C%26sdata=%2BEM4R1CX85v5mgGsO67ZUuocqYCQRmSNKpGHFWZfrS8%3D%26reserved=0
https://www.frontiersin.org/articles/10.3389/frcha.2025.1631474/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/frcha.2025.1631474/full#supplementary-material


References

1. Hamad AF, Roos LL, Bolton JM, Wall-Wieler E. Familial associations in 
adolescent substance use disorder: a population-based cohort study. Addiction. 
(2022) 117(10):2720–9. doi: 10.1111/add.15981

2. Khoddam R, Worley M, Browne KC, Doran N, Brown SA. Family history density 
predicts long term substance use outcomes in an adolescent treatment sample. Drug 
Alcohol Depend. (2015) 147:235–42. doi: 10.1016/j.drugalcdep.2014.11.009

3. Just AL, Meng C, Smith DG, Bullmore ET, Robbins TW, Ersche KD. Effects of 
familial risk and stimulant drug use on the anticipation of monetary reward: an fMRI 
study. Transl Psychiatry. (2019) 9(1):65. doi: 10.1038/s41398-019-0399-4

4. Kwarteng AE, Rahman MM, Gee DG, Infante MA, Tapert SF, Curtis BL. Child 
reward neurocircuitry and parental substance use history: findings from the 
adolescent brain cognitive development study. Addict Behav. (2021) 122:107034. 
doi: doi: 10.1016/j.addbeh.2021.107034

5. Gonçalves PD, Martins SS, Gebru NM, Ryan-Pettes SR, Allgaier N, Potter A, 
et al. Associations between family history of alcohol and/or substance use 
problems and frontal cortical development from 9 to 13 years of age: a 
longitudinal analysis of the ABCD study. Biol Psychiatry Glob Open Sci. (2024) 
4(2):100284. doi: doi: 10.1016/j.bpsgos.2023.100284

6. Casey BJ, Getz S, Galvan A. The adolescent brain. Dev Rev. (2008) 28(1):62–77. 
doi: doi: 10.1016/j.dr.2007.08.003

7. Shulman EP, Smith AR, Silva K, Icenogle G, Duell N, Chein J, et al. The dual 
systems model: review, reappraisal, and reaffirmation. Dev Cogn Neurosci. (2016) 
17:103–17. doi: 10.1016/j.dcn.2015.12.010

8. Steinberg L, Albert D, Cauffman E, Banich M, Graham S, Woolard J. Age 
differences in sensation seeking and impulsivity as indexed by behavior and self- 
report: evidence for a dual systems model. Dev Psychol. (2008) 44(6):1764–78. 
doi: 10.1037/a0012955

9. Breiter HC, Aharon I, Kahneman D, Dale A, Shizgal P. Functional imaging of 
neural responses to expectancy and experience of monetary gains and losses. 
Neuron. (2001) 30(2):619–39. doi: 10.1016/s0896-6273(01)00303-8

10. Nawi AM, Ismail R, Ibrahim F, Hassan MR, Manaf MRA, Amit N, et al. Risk 
and protective factors of drug abuse among adolescents: a systematic review. BMC 
Public Health. (2021) 21:1–15. doi: 10.1186/s12889-021-11906-2

11. Martz ME, Zucker RA, Schulenberg JE, Heitzeg MM. Psychosocial and neural 
indicators of resilience among youth with a family history of substance use disorder. 
Drug Alcohol Depend. (2018) 185:198–206. doi: 10.1016/j.drugalcdep.2017.12.015

12. Martz ME, Cope LM, Hardee JE, Brislin SJ, Weigard A, Zucker RA, et al. 
Frontostriatal resting state functional connectivity in resilient and non-resilient 
adolescents with a family history of alcohol use disorder. J Child Adolesc 
Psychopharmacol. (2019) 29(7):508–15. doi: 10.1089/cap.2018.0169

13. Petraitis J, Flay BR, Miller TQ. Reviewing theories of adolescent substance use: 
organizing pieces in the puzzle. Psychol Bull. (1995) 117(1):67. doi: 10.1037/0033- 
2909.117.1.67

14. Rudzinski K, McDonough P, Gartner R, Strike C. Is there room for resilience? 
A scoping review and critique of substance use literature and its utilization of the 
concept of resilience. Subst Abuse Treat Prev Policy. (2017) 12:1–35. doi: 10.1186/ 
s13011-017-0125-2

15. Hodder RK, Freund M, Bowman J, Wolfenden L, Gillham K, Dray J, et al. 
Association between adolescent tobacco, alcohol and illicit drug use and individual 
and environmental resilience protective factors. BMJ open. (2016) 6(11):e012688. 
doi: 10.1136/bmjopen-2016-012688

16. Hawkins JD. Delinquency and Crime: Current Theories. Cambridge: Cambridge 
University Press (1996).

17. Hawkins JD, Weis JG. The social development model: an integrated approach to 
delinquency prevention. In: McGee TR, Mazerolle P, editors. Developmental and Life- 
course criminological Theories. New York, NY: Routledge (2017). p. 3–27.

18. Catalano RF, Kosterman R, Hawkins JD, Newcomb MD, Abbott RD. Modeling 
the etiology of adolescent substance use: a test of the social development model. 
J Drug Issues. (1996) 26(2):429–55. doi: 10.1177/002204269602600207

19. Bronfenbrenner U. The Ecology of Human Development: Experiments by Nature 
and Design. Cambridge, MA: Harvard University Press (1979).

20. Belsky J, Bakermans-Kranenburg MJ, van IJzendoorn MH. For better and for 
worse: differential susceptibility to environmental in"uences. Curr Dir Psychol Sci. 
(2007) 16(6):300–4. doi: 10.1111/j.1467-8721.2007.00525.x

21. Casey BJ, Jones RM. Neurobiology of the adolescent brain and behavior: 
implications for substance use disorders. J Am Acad Child Adolesc Psychiatry. 
(2010) 49(12):1189–201. doi: doi: 10.1016/j.jaac.2010.08.017

22. Hammond CJ, Mayes LC, Potenza MN. Neurobiology of adolescent substance 
use and addictive behaviors: treatment implications. Adolesc Med State Art Rev. 
(2014) 25(1):15–32.

23. Sharma A, Morrow JD. Neurobiology of adolescent substance use disorders. Child 
Adolesc Psychiatr Clin N Am. (2016) 25(3):367–75. doi: doi: 10.1016/j.chc.2016.02.001

24. Dwyer DB, Buciuman MO, Ruef A, Kambeitz J, Sen Dong M, Stinson C, et al. 
Clinical, brain, and multilevel clustering in early psychosis and affective stages. JAMA 
Psychiatry. (2022) 79(7):677–89. doi: 10.1001/jamapsychiatry.2022.1163

25. Lalousis PA, Schmaal L, Wood SJ, Reniers R, Barnes NM, Chisholm K, et al. 
Neurobiologically based stratification of recent-onset depression and psychosis: 
identification of two distinct transdiagnostic phenotypes. Biol Psychiatry. (2022) 
92(7):552–62. doi: 10.1016/j.biopsych.2022.03.021

26. Wenzel J, Badde L, Haas SS, Bonivento C, Van Rheenen TE, Antonucci LA, 
et al. Transdiagnostic subgroups of cognitive impairment in early affective and 
psychotic illness. Neuropsychopharmacology. (2024) 49(3):573–83. doi: 10.1038/ 
s41386-023-01729-7

27. Modabbernia A, Reichenberg A, Ing A, Moser DA, Doucet GE, Artiges E, et al. 
Linked patterns of biological and environmental covariation with brain structure in 
adolescence: a population-based longitudinal study. Mol Psychiatry. (2021) 
26(9):4905–18. doi: 10.1038/s41380-020-0757-x

28. Petti E, Schiffman J, Oh H, Karcher NR. Evidence for environmental risk factors 
and cumulative stress linking racial/ethnic identity and psychotic-like experiences in 
ABCD study data. J Am Acad Child Adolesc Psychiatry. (2024) 64(3):386–97. doi: 10. 
1016/j.jaac.2024.04.017

29. Pillow DR, Barrera M Jr., Chassin L. Using cluster analysis to assess the effects 
of stressful life events: probing the impact of parental alcoholism on child stress and 
substance use. J Community Psychol. (1998) 26(4):361–80. doi: 10.1002/(SICI)1520- 
6629(199807)26:4<361::AID-JCOP5>3.0.CO;2-W

30. Modabbernia A, Janiri D, Doucet GE, Reichenberg A, Frangou S. Multivariate 
patterns of brain-behavior-environment associations in the adolescent brain and 
cognitive development study. Biol Psychiatry. (2021) 89(5):510–20. doi: 10.1016/j. 
biopsych.2020.08.014

31. Thatcher DL, Clark DB. Adolescents at risk for substance use disorders: role of 
psychological dysregulation, endophenotypes, and environmental in"uences. Alcohol 
Res Health. (2008) 31(2):168.

32. Zhi D, Jiang R, Pearlson G, Fu Z, Qi S, Yan W, et al. Triple interactions between 
the environment, brain, and behavior in children: an ABCD study. Biol Psychiatry. 
(2024) 95(9):828–38. doi: 10.1016/j.biopsych.2023.12.019

33. Zelenina M, Pine D, Stringaris A, Nielson D. Validation of CBCL depression 
scores of adolescents in three independent datasets. JCPP Adv. (2025) 5(3):e12298. 
doi: 10.1002/jcv2.12298

34. Barch DM, Albaugh MD, Avenevoli S, Chang L, Clark DB, Glantz MD, et al. 
Demographic, physical and mental health assessments in the adolescent brain and 
cognitive development study: rationale and description. Dev Cogn Neurosci. (2018) 
32:55–66. doi: 10.1016/j.dcn.2017.10.010

35. Achenbach T, Dumenci L, Rescorla L. (2001). Ratings of Relations Between 
DSM-IV Diagnostic Categories and Items of the CBCL/6-18, TRF, and YSR. 1–9.

36. Cyders MA, Littlefield AK, Coffey S, Karyadi KA. Examination of a short 
English version of the UPPS-P impulsive behavior scale. Addict Behav. (2014) 
39(9):1372–6. doi: 10.1016/j.addbeh.2014.02.013

37. Knutson B, Westdorp A, Kaiser E, Hommer D. FMRI Visualization of brain 
activity during a monetary incentive delay task. NeuroImage. (2000) 12(1):20–7. 
doi: 10.1006/nimg.2000.0593

38. Yau W-YW, Zubieta J-K, Weiland BJ, Samudra PG, Zucker RA, Heitzeg MM. 
Nucleus accumbens response to incentive stimuli anticipation in children of 
alcoholics: relationships with precursive behavioral risk and lifetime alcohol use. 
J Neurosci. (2012) 32(7):2544–51. doi: 10.1523/JNEUROSCI.1390-11.2012

39. Bjork JM, Knutson B, Fong GW, Caggiano DM, Bennett SM, Hommer DW. 
Incentive-elicited brain activation in adolescents: similarities and differences from 
young adults. J Neurosci. (2004) 24(8):1793–802. doi: 10.1523/JNEUROSCI.4862- 
03.2004

40. Bjork JM, Smith AR, Chen G, Hommer DW. Adolescents, adults and rewards: 
comparing motivational neurocircuitry recruitment using fMRI. PLoS One. (2010) 
5(7):e11440. doi: 10.1371/journal.pone.0011440

41. Heitzeg MM, Villafuerte S, Weiland BJ, Enoch M-A, Burmeister M, Zubieta J- 
K, et al. Effect of GABRA2 genotype on development of incentive-motivation 
circuitry in a sample enriched for alcoholism risk. Neuropsychopharmacology. 
(2014) 39(13):3077–86. doi: 10.1038/npp.2014.161

42. Andrews MM, Meda SA, Thomas AD, Potenza MN, Krystal JH, Worhunsky P, 
et al. Individuals family history positive for alcoholism show functional magnetic 
resonance imaging differences in reward sensitivity that are related to impulsivity 
factors. Biol Psychiatry. (2011) 69(7):675–83. doi: 10.1016/j.biopsych.2010.09.049

43. Balodis IM, Potenza MN. Anticipatory reward processing in addicted 
populations: a focus on the monetary incentive delay task. Biol Psychiatry. (2015) 
77(5):434–44. doi: 10.1016/j.biopsych.2014.08.020

44. Beck A, Schlagenhauf F, Wüstenberg T, Hein J, Kienast T, Kahnt T, et al. 
Ventral striatal activation during reward anticipation correlates with impulsivity in 
alcoholics. Biol Psychiatry. (2009) 66(8):734–42. doi: 10.1016/j.biopsych.2009.04.035

Ramakrishnan et al.                                                                                                                                                 10.3389/frcha.2025.1631474 

Frontiers in Child and Adolescent Psychiatry 13 frontiersin.org

https://doi.org/10.1111/add.15981
https://doi.org/10.1016/j.drugalcdep.2014.11.009
https://doi.org/10.1038/s41398-019-0399-4
https://doi.org/doi: 10.1016/j.addbeh.2021.107034
https://doi.org/doi: 10.1016/j.bpsgos.2023.100284
https://doi.org/doi: 10.1016/j.dr.2007.08.003
https://doi.org/10.1016/j.dcn.2015.12.010
https://doi.org/10.1037/a0012955
https://doi.org/10.1016/s0896-6273(01)00303-8
https://doi.org/10.1186/s12889-021-11906-2
https://doi.org/10.1016/j.drugalcdep.2017.12.015
https://doi.org/10.1089/cap.2018.0169
https://doi.org/10.1037/0033-2909.117.1.67
https://doi.org/10.1037/0033-2909.117.1.67
https://doi.org/10.1186/s13011-017-0125-2
https://doi.org/10.1186/s13011-017-0125-2
https://doi.org/10.1136/bmjopen-2016-012688
https://doi.org/10.1177/002204269602600207
https://doi.org/10.1111/j.1467-8721.2007.00525.x
https://doi.org/doi: 10.1016/j.jaac.2010.08.017
https://doi.org/doi: 10.1016/j.chc.2016.02.001
https://doi.org/10.1001/jamapsychiatry.2022.1163
https://doi.org/10.1016/j.biopsych.2022.03.021
https://doi.org/10.1038/s41386-023-01729-7
https://doi.org/10.1038/s41386-023-01729-7
https://doi.org/10.1038/s41380-020-0757-x
https://doi.org/10.1016/j.jaac.2024.04.017
https://doi.org/10.1016/j.jaac.2024.04.017
https://doi.org/10.1002/(SICI)1520-6629(199807)26:4%3C361::AID-JCOP5%3E3.0.CO;2-W
https://doi.org/10.1002/(SICI)1520-6629(199807)26:4%3C361::AID-JCOP5%3E3.0.CO;2-W
https://doi.org/10.1016/j.biopsych.2020.08.014
https://doi.org/10.1016/j.biopsych.2020.08.014
https://doi.org/10.1016/j.biopsych.2023.12.019
https://doi.org/10.1002/jcv2.12298
https://doi.org/10.1016/j.dcn.2017.10.010
https://doi.org/10.1016/j.addbeh.2014.02.013
https://doi.org/10.1006/nimg.2000.0593
https://doi.org/10.1523/JNEUROSCI.1390-11.2012
https://doi.org/10.1523/JNEUROSCI.4862-03.2004
https://doi.org/10.1523/JNEUROSCI.4862-03.2004
https://doi.org/10.1371/journal.pone.0011440
https://doi.org/10.1038/npp.2014.161
https://doi.org/10.1016/j.biopsych.2010.09.049
https://doi.org/10.1016/j.biopsych.2014.08.020
https://doi.org/10.1016/j.biopsych.2009.04.035


45. Paraskevopoulou M, van Rooij D, Schene AH, Batalla A, Chauvin RJ, Buitelaar 
JK, et al. Effects of family history of substance use disorder on reward processing in 
adolescents with and without attention-deficit/hyperactivity disorder. Addict Biol. 
(2022) 27(2):e13137. doi: 10.1111/adb.13137

46. Villafuerte S, Heitzeg MM, Foley S, Wendy Yau W, Majczenko K, Zubieta J-K, 
et al. Impulsiveness and insula activation during reward anticipation are associated 
with genetic variants in GABRA2 in a family sample enriched for alcoholism. Mol 
Psychiatry. (2012) 17(5):511–9. doi: 10.1038/mp.2011.33

47. Wrase J, Schlagenhauf F, Kienast T, Wüstenberg T, Bermpohl F, Kahnt T, et al. 
Dysfunction of reward processing correlates with alcohol craving in detoxified 
alcoholics. NeuroImage. (2007) 35(2):787–94. doi: 10.1016/j.neuroimage.2006.11.043

48. Cao Z, Bennett M, Orr C, Icke I, Banaschewski T, Barker GJ, et al. Mapping 
adolescent reward anticipation, receipt, and prediction error during the monetary 
incentive delay task. Hum Brain Mapp. (2019) 40(1):262–83. doi: 10.1002/hbm.24370

49. Knutson B, Heinz A. Probing psychiatric symptoms with the monetary incentive 
delay task. Biol Psychiatry. (2015) 77(5):418–20. doi: 10.1016/j.biopsych.2014.12.022

50. Tervo-Clemmens B, Quach A, Calabro FJ, Foran W, Luna B. Meta-analysis and 
review of functional neuroimaging differences underlying adolescent vulnerability to 
substance use. NeuroImage. (2020) 209:116476. doi: doi: 10.1016/j.neuroimage.2019. 
116476

51. Casey BJ, Cannonier T, Conley MI, Cohen AO, Barch DM, Heitzeg MM, et al. 
The adolescent brain cognitive development (ABCD) study: imaging acquisition 
across 21 sites. Dev Cogn Neurosci. (2018) 32:43–54. doi: 10.1016/j.dcn.2018.03.001

52. Gläscher JP, O’Doherty JP. Model-based approaches to neuroimaging: 
combining reinforcement learning theory with fMRI data. Wiley Interdiscip Rev 
Cogn Sci. (2010) 1(4):501–10. doi: 10.1002/wcs.57

53. Wagner AR, Rescorla RA. Inhibition in pavlovian conditioning: application of a 
theory. Inhibit Learn. (1972) 1:301–36.

54. O’Doherty JP, Dayan P, Friston K, Critchley H, Dolan RJ. Temporal difference 
models and reward-related learning in the human brain. Neuron. (2003) 
38(2):329–37. doi: 10.1016/S0896-6273(03)00169-7

55. Hand DJ, Heard NA. Finding groups in gene expression data. J Biomed 
Biotechnol. (2005) 2005(2):215. doi: 10.1155/JBB.2005.215

56. Gibbons FD, Roth FP. Judging the quality of gene expression-based clustering 
methods using gene annotation. Genome Res. (2002) 12(10):1574–81. doi: 10.1101/gr. 
397002

57. Yeung KY, Haynor DR, Ruzzo WL. Validating clustering for gene expression 
data. Bioinformatics. (2001) 17(4):309–18. doi: 10.1093/bioinformatics/17.4.309

58. Mullin S, Zola J, Lee R, Hu J, MacKenzie B, Brickman A, et al. Longitudinal 
K-means approaches to clustering and analyzing EHR opioid use trajectories for 
clinical subtypes. J Biomed Inform. (2021) 122:103889. doi: 10.1016/j.jbi.2021.103889

59. Shi C, Wei B, Wei S, Wang W, Liu H, Liu J. A quantitative discriminant method 
of elbow point for the optimal number of clusters in clustering algorithm. Eurasip 
J Wireless Commun Network. (2021) 2021:1–16. doi: 10.1186/s13638-021-01910-w

60. Syakur M, Khotimah BK, Rochman E, Satoto BD. (2018). Integration k-means 
clustering method and elbow method for identification of the best customer profile 
cluster. Paper presented at the IOP conference series: materials science and engineering.

61. Punhani A, Faujdar N, Mishra KK, Subramanian M. Binning-based silhouette 
approach to find the optimal cluster using K-means. IEEE Access. (2022) 
10:115025–32. doi: 10.1109/ACCESS.2022.3215568

62. Shahapure KR, Nicholas C. (2020). Cluster quality analysis using silhouette 
score. Paper presented at the 2020 IEEE 7th international conference on data 
science and advanced analytics (DSAA).

63. Shutaywi M, Kachouie NN. Silhouette analysis for performance evaluation in 
machine learning with applications to clustering. Entropy. (2021) 23(6):759. 
doi: 10.3390/e23060759

64. Baarsch J, Celebi ME. (2012). Investigation of internal validity measures for 
K-means clustering. Paper presented at the Proceedings of the international 
multiconference of engineers and computer scientists.

65. Davies DL, Bouldin DW. A cluster separation measure. IEEE Trans Pattern 
Anal Mach Intel. (1979) 2:224–7. doi: 10.1109/TPAMI.1979.4766909

66. Lundberg SM, Lee S-I. A unified approach to interpreting model predictions. 
Adv Neural Inf Process Syst. (2017) 30:4765–74. doi: 10.48550/arXiv.1705.07874

67. Dawson DA, Harford TC, Grant BF. Family history as a predictor of alcohol 
dependence. Alcohol Clin Exp Res. (1992) 16(3):572–5. doi: 10.1111/j.1530-0277. 
1992.tb01419.x

68. Gennetian LA, Lopoo LM, London AS. Maternal work hours and adolescents’ 
school outcomes among low-income families in four urban counties. Demography. 
(2008) 45(1):31–53. doi: 10.1353/dem.2008.0003

69. Giele JZ. Homemaker or career woman: life course factors and racial in"uences 
among middle class Americans. J Comp Fam Stud. (2008) 39(3):393–411. doi: 10. 
3138/jcfs.39.3.393

70. Han WJ, Waldfogel J, Brooks-Gunn J. The effects of early maternal 
employment on later cognitive and behavioral outcomes. J Marriage Fam. (2001) 
63(2):336–54. doi: 10.1111/j.1741-3737.2001.00336.x

71. Yeo KJ, Teo SL. Child behavior and parenting stress between employed mothers 
and at home mothers of preschool children. Procedia Soc Behav Sci. (2013) 
90:895–903. doi: 10.1016/j.sbspro.2013.07.166

72. Schlauch RC, Levitt A, Connell CM, Kaufman JS. The moderating effect of 
family involvement on substance use risk factors in adolescents with severe 
emotional and behavioral challenges. Addict Behav. (2013) 38(7):2333–42. doi: doi: 
10.1016/j.addbeh.2013.02.010

73. Tomko RL, Prisciandaro JJ, Falls SK, Magid V. The structure of the UPPS-R- 
child impulsivity scale and its relations with substance use outcomes among 
treatment-seeking adolescents. Drug Alcohol Depend. (2016) 161:276–83. doi: 10. 
1016/j.drugalcdep.2016.02.010

74. Vergés Á, Littlefield AK, Arriaza T, Alvarado ME. Impulsivity facets and 
substance use initiation: a comparison of two models of impulsivity. Addict Behav. 
(2019) 88:61–6. doi: 10.1016/j.addbeh.2018.08.018

75. Hägele C, Schlagenhauf F, Rapp M, Sterzer P, Beck A, Bermpohl F, et al. 
Dimensional psychiatry: reward dysfunction and depressive mood across 
psychiatric disorders. Psychopharmacology. (2015) 232:331–41. doi: 10.1007/s00213- 
014-3662-7

76. Silverman MH, Jedd K, Luciana M. Neural networks involved in adolescent 
reward processing: an activation likelihood estimation meta-analysis of functional 
neuroimaging studies. NeuroImage. (2015) 122:427–39. doi: 10.1016/j.neuroimage. 
2015.07.083

77. Keren H, Chen G, Benson B, Ernst M, Leibenluft E, Fox NA, et al. Is the 
encoding of reward prediction error reliable during development? NeuroImage. 
(2018) 178:266–76. doi: 10.1016/j.neuroimage.2018.05.039

78. Blum K, Cull JG, Braverman ER, Comings DE. Reward deficiency syndrome. 
Am Sci. (1996) 84(2):132–45.

79. Wang Z, Rodriguez-Moreno DV, Cycowicz YM, Amsel LV, Cheslack-Postava 
K, He X, et al. Shapes of subcortical structures in adolescents with and without 
familial history of substance use disorder. Hum Brain Mapp. (2022) 43(9):2759–70. 
doi: 10.1002/hbm.25804

80. Adams ZW, Milich R, Lynam DR, Charnigo RJ. Interactive effects of drinking 
history and impulsivity on college drinking. Addict Behav. (2013) 38(12):2860–7. 
doi: 10.1016/j.addbeh.2013.08.009

81. Romer D. Adolescent risk taking, impulsivity, and brain development: 
implications for prevention. Dev Psychobiol. (2010) 52(3):263–76. doi: 10.1002/dev. 
20442

82. Whelan R, Conrod PJ, Poline J-B, Lourdusamy A, Banaschewski T, Barker 
GJ, et al. Adolescent impulsivity phenotypes characterized 
by distinct brain networks. Nat Neurosci. (2012) 15(6):920–5. doi: 10.1038/nn. 
3092

83. Moser DA, Doucet GE, Ing A, Dima D, Schumann G, Bilder RM, et al. An 
integrated brain-behavior model for working memory. Mol Psychiatry. (2018) 
23(10):1974–80. doi: 10.1038/mp.2017.247

84. Smith SM, Nichols TE, Vidaurre D, Winkler AM, Behrens TE, Glasser MF, et al. 
A positive-negative mode of population covariation links brain connectivity, 
demographics and behavior. Nat Neurosci. (2015) 18(11):1565–7. doi: 10.1038/nn. 
4125

85. MacQueen J. Some methods for classification and analysis of multivariate 
observations. In: Le Cam LM, Neyman J, editos. Proceedings of the Fifth Berkeley 
Symposium on Mathematical Statistics and Probability. Vol. 1: Statistics. Berkeley, 
CA: University of California Press (1967). p. 281–97.

Ramakrishnan et al.                                                                                                                                                 10.3389/frcha.2025.1631474 

Frontiers in Child and Adolescent Psychiatry 14 frontiersin.org

https://doi.org/10.1111/adb.13137
https://doi.org/10.1038/mp.2011.33
https://doi.org/10.1016/j.neuroimage.2006.11.043
https://doi.org/10.1002/hbm.24370
https://doi.org/10.1016/j.biopsych.2014.12.022
https://doi.org/doi: 10.1016/j.neuroimage.2019.116476
https://doi.org/doi: 10.1016/j.neuroimage.2019.116476
https://doi.org/10.1016/j.dcn.2018.03.001
https://doi.org/10.1002/wcs.57
https://doi.org/10.1016/S0896-6273(03)00169-7
https://doi.org/10.1155/JBB.2005.215
https://doi.org/10.1101/gr.397002
https://doi.org/10.1101/gr.397002
https://doi.org/10.1093/bioinformatics/17.4.309
https://doi.org/10.1016/j.jbi.2021.103889
https://doi.org/10.1186/s13638-021-01910-w
https://doi.org/10.1109/ACCESS.2022.3215568
https://doi.org/10.3390/e23060759
https://doi.org/10.1109/TPAMI.1979.4766909
https://doi.org/10.48550/arXiv.1705.07874
https://doi.org/10.1111/j.1530-0277.1992.tb01419.x
https://doi.org/10.1111/j.1530-0277.1992.tb01419.x
https://doi.org/10.1353/dem.2008.0003
https://doi.org/10.3138/jcfs.39.3.393
https://doi.org/10.3138/jcfs.39.3.393
https://doi.org/10.1111/j.1741-3737.2001.00336.x
https://doi.org/10.1016/j.sbspro.2013.07.166
https://doi.org/doi: 10.1016/j.addbeh.2013.02.010
https://doi.org/doi: 10.1016/j.addbeh.2013.02.010
https://doi.org/10.1016/j.drugalcdep.2016.02.010
https://doi.org/10.1016/j.drugalcdep.2016.02.010
https://doi.org/10.1016/j.addbeh.2018.08.018
https://doi.org/10.1007/s00213-014-3662-7
https://doi.org/10.1007/s00213-014-3662-7
https://doi.org/10.1016/j.neuroimage.2015.07.083
https://doi.org/10.1016/j.neuroimage.2015.07.083
https://doi.org/10.1016/j.neuroimage.2018.05.039
https://doi.org/10.1002/hbm.25804
https://doi.org/10.1016/j.addbeh.2013.08.009
https://doi.org/10.1002/dev.20442
https://doi.org/10.1002/dev.20442
https://doi.org/10.1038/nn.3092
https://doi.org/10.1038/nn.3092
https://doi.org/10.1038/mp.2017.247
https://doi.org/10.1038/nn.4125
https://doi.org/10.1038/nn.4125

	Environmentally derived subgroups of preadolescents with family history of substance use exhibit distinct patterns of psychopathology and reward-related behaviors: insights from the ABCD study
	Introduction
	Methods
	Participants
	Measures
	Psychopathology
	Impulsivity
	Reward prediction error
	Computational model

	Statistical analysis
	K-means clustering
	Mixed linear models


	Results
	Sample characteristics
	K-means clustering
	Child behavior checklist (CBCL)
	Impulsivity
	Reward prediction errors


	Discussion
	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher's note
	Supplementary material
	References


