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1. Supplementary methods
a. Measures
Demographic and Environmental Information. Primary caregivers provided demographic information regarding the parent/guardian, their partner, the child’s grandparents, and the child using the PhenX survey toolkit including age, sex, race/ethnicity, household income, and parent’s education level and marital status (D. M. Barch et al., 2018; P. J. Stover, W. R. Harlan, J. A. Hammond, T. Hendershot, & C. M. Hamilton, 2010). Race and ethnicity were collapsed into five categories: Asian, Black, Hispanic, White, and Other and household income was collapsed into three categories: <50,000, 50,000-100,000, and >100,000. To address more sensitive measures of economic status and socioeconomic influences than income alone, we included neighborhood characteristics and a measure of economic insecurity. We used the Area deprivation index (ADI), a composite measure of neighborhood socioeconomic disadvantage derived from US Census data regarding poverty, education, housing, and employment in a given zip code to create census-based regions for neighborhood risk. Income disparity is a neighborhood-level subscore of the ADI derived from a participant’s reported residential history. Corresponding US Census-delineated neighborhoods were derived and used in conjunction with publicly-available American Community Survey (2015) data to determine each participant’s neighborhood characteristics. Income disparity was calculated based on the definition by Singh (2003) as the log of 100 x the ratio of the number of households with <10,000 annual income to those with >50,000 annual income. Also derived from ADI was the grand total of neighborhood crime rates including various forms of violent and non-violent crimes (Bagot et al., 2018). Neighborhood safety was derived from the Safety from Crime subscale of the PhenX Toolkit (Toolkit, 2016; Zucker et al., 2018) and a sum score was used from questions relating to the perceived safety of and presence of crime in one’s neighborhood including feeling safe walking alone and level of violence and crime (ranging from “strongly agree” to “strongly disagree”). Child accessibility to substances was also measured using the 9-item parent-reported Community Risk and Protective Factors scale from the PhenX toolkit (Arthur et al., 2007; Lisdahl et al., 2018). Questions included items relating to ease of access to alcohol, cannabis, cigarettes, and other drugs. Finally, economic insecurity was measured using the best practices for conceptualizing and measuring social class in psychological research outlined in Diemer et al. (2012). Questions related to one’s ability to pay for basic needs such as medical care, phone service, utilities, or food. A sum score of these yes/no (coded 0 = ‘no’, 1 = ‘yes’) was used for analyses. 
Family Mental Health and Environment. Parents self-reported dimensional psychopathology and adaptive functioning using the Achenbach Adult Self Report Questionnaire (ASR; Achenbach, 2009; Barch et al., 2018), from which items regarding parent substance use, personal strength, and internalizing and externalizing symptoms were used. Parents also reported questions relating to history of psychopathology among first- and second-degree relatives (i.e., substance use, depression, mania, psychosis, and antisocial personality disorder) from the Family History Assessment Module Screener (FHAM-S; D. M. Barch et al., 2018; J. P. Rice et al., 1995). The Family Conflict subscale of the Family Environment Scale (Moos & Moos, 1994; R. A. Zucker et al., 2018) was completed by both the parent and the child and items included questions regarding family members losing their temper, arguing, or acting violent with higher scores indicating more conflict. Children also reported their perception of parental monitoring using the Parental Monitoring Scale, including parent/child contact, frequency of family dinners, parents knowing child’s whereabouts, and child disclosure to parents (H. D. Chilcoat & J. C. Anthony, 1996; R. A. Zucker et al., 2018) and their perception of parental warmth, acceptance, and responsiveness via the Acceptance Subscale of the Child Report of Behavior Inventory modified for ABCD to address primary and secondary caregivers’ behaviors (Schaefer, 1965; R. A. Zucker et al., 2018). The scale was modified for ABCD to 5 items addressing primary and secondary caregivers’ behaviors such as ‘makes me feel better after talking over my worries’ and ‘smiles at me often’. 
Child Mental Health Variables. Dimensional psychopathology and adaptive functioning were measured using the Achenbach Child Behavior Checklist (CBCL; T.M. Achenbach, 2009; D. M. Barch et al., 2018), normed for sex, age, and ethnicity. We utilized the broader syndrome subscale scores for internalizing and externalizing symptoms. Mania symptoms were measured using a sum score from the mania subscale of the Parent General Behavior Inventory for Children and Adolescents (D. M. Barch et al., 2018; E. A. Youngstrom, T. W. Frazier, C. Demeter, J. R. Calabrese, & R. L. Findling, 2008). Exposure to traumatic events was assessed with questions from the Kiddie Schedule for Affective Disorders and Schizophrenia for DSM-5 (KSADS-5; D. M. Barch et al., 2018; Kobak & Kaufman, 2015) which has been modified for use in ABCD (Barch et al., 2018). For these analyses, we utilized a sum score of 17 questions pertaining to post-traumatic stress symptoms from the KSADS-5 including yes or no questions regarding the death of a loved one, or the youth witnessing or experiencing physical or sexual assault, domestic violence, or other violent acts. Behavioral inhibition and activation were assessed using the Behavioral Inhibition & Behavioral Activation Scales (BIS/BAS) from PhenX (D. M. Barch et al., 2018; Pagliaccio et al., 2016) with subscales for drive (intensity of goal-directed behavior), fun seeking (enjoyment for its own sake; spontaneity), and reward responsiveness (excitement over reinforcing outcomes), as well as inhibition (worry, fearfulness). Impulsivity was measured via the UPPS-P for Children from PhenX (D. M. Barch et al., 2018; Lynam, 2013; Zapolski, Stairs, Settles, Combs, & Smith, 2010), with four subscales including lack of premeditation, positive and negative urgency (difficulty controlling emotions), sensation seeking, and lack of perseverance.
Child Physical Health and Extracurricular Engagement. Child sleep initiation delays and average total sleep length were assessed using the parent-report Sleep Disturbances Scale for Children (O. Bruni et al., 1996). The present analyses focused on sleep initiation delays (“How long [in minutes] after going to bed does your child usually fall asleep?”) and average total sleep length (“How many hours of sleep does your child get on most nights?”) over the past 6 months. Parents also reported on the past and current involvement of the child in sports, activities, music, or hobbies using the Sports and Activities Involvement Questionnaire (modified from the Vermont Health Behavior Questionnaire; Huppertz et al., 2016). Questions included activities from three general categories: music and arts, team sports, and individual sports or other physical activity. When parents indicated ‘yes’ to their child’s involvement in a particular activity, they then responded with the estimated amount of time spent per week engaging in that activity. A sum score for each subcategory of activity (art, team, individual) was used in analyses. Children also self-reported their level of physical exercise via items from the Youth Risk Behavior Survey (YBR; CDC, 2016b). Questions include “During the past 7 days, on how many days were you physically active for a total of at least 60 minutes per day? (Add up all the time you spent in any kind of physical activity that increased your heart rate and made you breathe hard some of the time)”, “On how many of the past 7 days did you do exercises to strengthen or tone your muscles, such as push-ups, sit-ups, or weight lifting?”, and “In an average week when you are in school, on how many days do you go to physical education (PE) class?”.
Finally, children self-reported the estimated amount of time typically spent on multiple types of screen media activity (e.g., watching TV, movies, or internet videos and active/social use such as playing video games, texting, or visiting social media sites) on a typical day week or weekend day (“On a typical weekend day, how many hours do you:”) (K. S. Bagot et al., 2018). Response options ranged from ‘none’ to ‘more than 4 hours’. Questions were also asked relating to time spent engaging with mature rated movies and video games (“How often do you play mature-rated video games (e.g., Call of Duty, Grand Theft Auto, Assassin's Creed, etc.)?” and “How often do you watch R-rated movies?”) with response options ranging from ‘never’ to ‘all the time’. 

b. Machine learning methods 
Selection of algorithms. In this work, we implemented four algorithms: elastic net (ENET) (Barsaglini, Sartori, Benetti, Pettersson-Yeo, & Mechelli), support vector regression (SVR) (Suykens & Vandewalle, 1999), conditional inference forest (CIF) (Hothorn, Hornik, & Zeileis, 2006), and k-Nearest Neighbors (knn) (Keller, Gray, & Givens, 1985).

Repeated nested cross-validation. It is well known that using the same dataset to build a prediction model and evaluate its performance can cause overestimation in the model performance (Varma & Simon, 2006). If we have two datasets, one of them can be used to train a prediction model, and the other to evaluate the model performance. Because we had only one dataset, one possibility was to split the data into a training set for model building and a validation set for model evaluation. Alternatively, the whole dataset could be partitioned to “𝐾" parts, where one part served as a validation set and the other parts were combined to serve as a training set, and the process iterated so that each part served as a validation set exactly once (Outer loop). For a given machine learning method, a training set could be partitioned into 𝐾 parts and the optimal tuning parameters could be determined by 𝐾-fold cross validation (Inner loop). The trained model was then applied to make predictions in the corresponding validation set. Iterating across the “𝐾" parts, the “𝐾" sets of predicted values were combined to compare with the observed values to evaluate model performance. The whole procedure is known as nested or double cross-validation (Stone, 1974; Varma & Simon, 2006) and was repeated by different partition indices to assess the variability of the results (Filzmoser, Liebmann, & Varmuza, 2009). We chose to repeat 100 times nested cross-validation (CV), with 5-fold CV for both the outer and the inner loops.

Stacked regression/Super learner (the inner loop)
In the inner loop, we applied four machine learning methods and then combined their predictions by stack ensemble. Suppose a training set 𝐃 was expressed as a matrix, concatenated in columns by a response vector 𝒚 and a predictor matrix 𝐗, with 𝑛 X (𝐾1 − 1)/𝐾1 observations. 

Step 1: Building base learners. Each base learner was built by 𝐾2-fold CV, which consisted of data partition and parameter optimization.
Data partition: A training set 𝐷 was partitioned into 𝐾2 non-overlapped parts where (𝐾2 − 1) parts were used to train a model with hyper-parameter 𝜽j, which was then used to predict the held-out part and to compute the corresponding model performance metric (𝑅2 here); this process was repeated so that this step would give 𝐾2 values of 𝑅2.

Optimization: For a grid of 𝐽 hyper-parameter combinations, denoted as 𝜽j, 𝑗 = 1,…, 𝐽, the same partition indices of 𝐾2-fold CV were applied to each 𝜽j. Note 𝜽j was either a vector (two parameters for eNet) or a scalar (other methods). The optimal hyperparameter 𝜽Opt were determined by the “one-standard-error” (1-SE) rule: among the 𝜽j’s whose mean 𝑅2 (averaged across 𝐾1 test sets) fell within one SE of the maximal mean 𝑅2, the 𝜽j that corresponded to the most parsimonious model was 𝜽Opt. Note that SE of the metric is defined as
[image: ]
Should 𝜽Opt be identified, the predicted values of the held-out sets at 𝜽Opt, denoted as (𝜽Opt)
 were extracted for stack ensemble.

Step 2: Building a stack ensemble model. The predicted values of the optimal hyperparameter 𝜽Opt from 𝐿 base learners (Step 1) were then combined with the observed response values into a matrix  with (𝐿 + 1) columns. The observed response could be regressed on the 𝑚 variables to obtain a stack ensemble model MS. We chose to average predicted values of base learners weighted by their mean 𝑅2 values from Step 1.

Hyper-parameter selection. Elastic net had two tuning parameters 𝛼 and 𝜆. CIF was tuned on a single parameter “mtry” for the number of predictors randomly selected to grow a tree; the number of trees was set at 500 and not tuned. Although in theory SVR may have three parameters: cost, 𝜖, and 𝜎, the scale parameter 𝜎 (“sigma”) for radial basis function was estimated by the midpoint of the 10th and 90th percentiles of Euclidean distance between all training points (Caputo, Sim, Furesjo, & Smola, 2002); also, the cost and 𝜖 parameters have some relationship and Kuhn (2014) suggests using cost (“C”) as the only tuning parameter. The knn algorithm had a single tuning parameter k, the number of nearest neighbors.  To alleviate computation burden, we used random search (Bergstra & Bengio, 2012) with adaptive resampling algorithm (Kuhn, 2014) for no more than 15 parameter combinations, so the actually used parameter combinations and values varied with replications and training sets.


2. Supplementary tables
	Table S1. Variables included in the machine learning analysis.

	Demographics (Deanna M Barch et al., 2018; Patrick J Stover, William R Harlan, Jane A Hammond, Tabitha Hendershot, & Carol M Hamilton, 2010)

	∙ Age
	∙ Parent Age

	∙ Gender
	∙ Parent Marital and Household Status

	∙ Racial Minority Status
	∙ Parent Education

	∙ Twin and Sibling Status
	∙ Parent Age

	Environment

	∙ Income Disparity and Affordability (Patrick J Stover et al., 2010)
	∙ Neighborhood Crime and Safety (Deanna M Barch et al., 2018)

	∙ Youth Access to Substances – CRPF (Arthur et al., 2007; Krista M Lisdahl et al., 2018)
	∙ Trauma – KSADs (Puig-Antich & Ryan, 1986)

	Parent Mental Health and Familial Variables

	∙ Psychopathology and Substance Use – ASR (Thomas M Achenbach, 1997) 
	∙ Parental Monitoring – PMQ  (Howard D Chilcoat & James C Anthony, 1996) and Family Conflict – FES (Moos & Moos, 1994; Robert A Zucker et al., 2018)

	∙  Caregiver Acceptance – CRBPI (Schaefer, 1965; Robert A Zucker et al., 2018)
	∙ Family History – FHAM-S (John P Rice et al., 1995)

	Youth Mental Health Symtpoms and Behaviors

	∙ Pscyhopathology –  CBCL (Thomas M Achenbach & Ruffle, 2000)
	∙ Mania Symptoms – PGBI (Eric A Youngstrom, Thomas W Frazier, Christine Demeter, Joseph R Calabrese, & Robert L Findling, 2008)

	∙ Behavioral Avoidance and Inhibition –  BIS/BAS (Carver & White, 1994)
	∙ Impulsivity –  UPPS-P (Whiteside, Lynam, Miller, & Reynolds, 2005)

	Modifiable Risks

	∙ BMI And Waist Circumference (CDC (Division of Nutrition, 2016)
	∙ Sleep Quality –  SDSC (Oliviero Bruni et al., 1996)

	∙ Extracurricuar Involvement – SAIQ (Huppertz et al., 2016)
	∙ Physical Activity –  YRB (CDC, 2016a)

	∙ Screen Media Activity –  STQ (K. Bagot et al., 2018)

	Abbreviations: ASR, Adult Self-Report; BIS/BAS, Behavioral Avoidance/Inhibition Scales; BMI, Body Mass Index; CBCL, Child Behavior Checklist; CRPBI, Child’s Report of Parental Behavior Inventory – Acceptance subscale; CRPF, Community Risk and Protective Factors; FES, Family Environment Scale - Family Conflict Subscale; FHAM-S, Family History Assessment Module Screener; KSADs, Kiddie Schedule for Affective Disorders and Schizophrenia for DSM-5; PGBI, Parent General Behavior Inventory for Children and Adolescents – Mania subscale; PMQ, Parental Monitoring Questionnaire; SAIQ, Sports and Activities Involvement Questionnaire; SDSC, Sleep Disturbance Scale for Children; STQ , Screen Time Questionnaire; UPPS-P, Impulsive Behavior Scale; YRB, Youth Risk Behavior Survey.


3. Supplementary figures
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Figure S1. The process of repeated nested CV. This figure illustrates the process of nested CV repeated 100 times indexed by 𝜌. In the outer loop, the original data of 𝑛 subjects were partitioned into 𝐾1 parts indexed by 𝜏. For each iterate, (𝐾1 − 1) parts served as a training set to optimize tuning parameters in the inner loop (see Supplementary Figure S1b.). The stack model Ms,𝜏 from the inner loop was then used to predict the held-out set of the outer loop. Predicted values (𝜌) were combined across held-out sets to evaluate the performance of the stack models.



[image: ]Figure S2. The inner-loop of repeated nested CV. In the inner loop, each training set from the outer loop was further partitioned into 𝐾2 parts indexed by 𝜅. A model with a tuning parameter combination 𝜽j was trained on (𝐾2 − 1) parts, and then this model was applied to predict the held-out set. The predicted values were then compared to the observed values by R-square. Iterating across 𝐾2 folds led to 𝐾2 values of R-square. The process was repeated for all parameter combinations, and the optimal tuning parameter combination (𝜽Opt) was determined by the ”one-SE” rule. This optimal parameter combination was applied to the whole training set and gave the predicted values as (𝜽Opt). This process was then repeated for all machine learning methods. The predicted values across machine learning methods were then combined with observed values to build a stack model MS.
 

Figure S3. Distribution of age-corrected Fluid Cognitive Functioning (FCF) composite scores. 


[image: ]
Figure S4. Percent of variance explained for age corrected fluid cognitive functioning scores by 47 demographic, psychological, and environmental predictors (n = 9,719). glmnet: Elastic net; cforest: conditional random forest; knn: k-nearest neighbors; svmRadial: support vector machine; StackClscR2: combined (stacked) method. Error bars represent 95% confidence intervals. 
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Figure S5. Scatter plots showing the relationship between potentially modifiable variables and Fluid Cognitive Fucntioning (FCF) composite scores. Abbreviations: SMA, screen media activity. 
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Figure S6. Correlation matrix (Spearman r) depicting relationships between various screen media activities on weekdays and weekend. All relationships are statistically significant at p < .001. 
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