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Abstract 

Study Objectives:  Sleep disturbances are common in adolescence and associated with a host of negative outcomes. Here, we assess 
associations between multifaceted sleep disturbances and a broad set of psychological, cognitive, and demographic variables using a 
data-driven approach, canonical correlation analysis (CCA).

Methods:  Baseline data from 9093 participants from the Adolescent Brain Cognitive Development (ABCD) Study were examined using 
CCA, a multivariate statistical approach that identifies many-to-many associations between two sets of variables by finding combi-
nations for each set of variables that maximize their correlation. We combined CCA with leave-one-site-out cross-validation across 
ABCD sites to examine the robustness of results and generalizability to new participants. The statistical significance of canonical 
correlations was determined by non-parametric permutation tests that accounted for twin, family, and site structure. To assess the 
stability of the associations identified at baseline, CCA was repeated using 2-year follow-up data from 4247 ABCD Study participants.

Results:  Two significant sets of associations were identified: (1) difficulty initiating and maintaining sleep and excessive daytime 
somnolence were strongly linked to nearly all domains of psychopathology (r2 = 0.36, p < .0001); (2) sleep breathing disorders were 
linked to BMI and African American/black race (r2 = 0.08, p < .0001). These associations generalized to unseen participants at all 22 
ABCD sites and were replicated using 2-year follow-up data.

Conclusions:  These findings underscore interwoven links between sleep disturbances in early adolescence and psychological, social, 
and demographic factors.
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Graphical Abstract 

Statement of Significance

Adolescent sleep disturbances are associated with a host of negative outcomes. Previous research has identified individual predic-
tors of sleep disturbances. Here, we break new ground by using machine learning methods to identify many-to-many mappings 
between multiple predictors across different domains and multifaceted sleep disturbances. Current levels of psychopathology 
among youth as well as a family history of psychopathology were strongly related to sleep disturbances, especially difficulties 
initiating and maintaining sleep and excessive daytime somnolence. Perceptions of family conflict and neighborhood safety were 
also associated with sleep disturbances, pointing to the influence of contextual factors. In addition, body mass index and African 
American/black race were linked to sleep-related breathing difficulties, highlighting the need for continued research to address 
sleep health disparities in emerging adolescents.

Introduction
Sleep plays a crucial role in healthy development during adoles-
cence [1, 2]. Sleep disturbances—which may include inadequate 
duration, poor quality, problematic nighttime behaviors, and day-
time sleepiness—are common in children and adolescents [3, 4], 
with an estimated 25% of youth experiencing significant sleep 
problems during childhood [5]. Adolescent sleep problems are 
associated with a wide range of psychiatric disorders [6–10] as 
well as other individual youth attributes [11, 12]. Characteristics 
of youth’s family [13–16], school [17, 18], and neighborhood [19, 
20] environments have also been linked to sleep disturbances. 
Despite considerable evidence of individual associations of such 
constructs with sleep problems in adolescents, little is known 
about the complex, combined associations across these domains 
and their links to multifaceted sleep disturbances. This study aims 
to characterize the aggregated predictive associations among a 
broad set of psychological, cognitive, and demographic variables 
and multidomain sleep disturbances in emerging adolescents 
using data-driven multivariate machine learning methods.

Sleep disturbances [6] in adolescence have been linked with 
a host of individual factors [9, 16, 19, 21]. For example, sleep 
disturbances are associated with a wide range of psychiatric 
problems including attention deficit hyperactivity disorder [22], 
and mood and anxiety disorders [9, 23, 24]. Previous work sug-
gests bidirectional links between adolescent sleep disturbances 

and both internalizing [25] and externalizing symptoms [26, 27]. 
Additionally, socioeconomic factors such as higher neighborhood 
disadvantage [19, 20] and lower parental education [13] have been 
linked to poorer sleep quality and shorter sleep duration, while 
family conflict [14, 15] and hostile school environments [18] have 
been found to contribute to disrupted sleeping habits. Moreover, 
many individual and health-related characteristics such as body 
mass index (BMI) and screen and media use have been shown 
to impact sleep hygiene and bedtime routines [12, 28]. Given the 
pervasive links between sleep disparities and adolescent health, 
these individual associations provide important insight into the 
broad range of risk factors associated with sleep.

From a socio-ecological perspective [29], there are likely rich 
interwoven links among multiple predictor domains [30] simul-
taneously with multiple aspects of sleep [31, 32], i.e. many-to-
many associations; however, much of the current literature 
focuses on the examination of one-to-one associations between 
predictors and sleep problems [6, 12, 19, 26]. Furthermore, sleep 
disturbances are predominantly conceptualized using unidimen-
sional approaches such as sum scores [5, 33], which may obscure 
important associations between subsets of predictors and spe-
cific domains of sleep problems. Multivariate machine learning 
methods can potentially address this issue by identifying shared 
and unique linkages between sets of variables from different 
domains [34]. However, these highly parameterized data-driven 
methods require large samples [34], and to date, few studies have 
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implemented these methods to uncover shared and unique asso-
ciations between distinct types of sleep disturbance and diverse 
multidomain predictors in youth.

This study seeks to identify the combined predictive associa-
tions among a diverse set of psychological, cognitive, and demo-
graphic variables in the Adolescent Brain Cognitive Development 
(ABCD) Study [35, 36], a population-based study of 11 875 9- and 
10-year-olds. The ABCD Study is the largest longitudinal study of 
neurodevelopment in youth, with participants recruited from 22 
research sites across the United States. To assess a broad array of 
sleep problems, we utilized the validated Sleep Disturbance Scale 
for Children (SDSC) [32], which indexes six dimensions of sleep 
disturbances. In addition, ABCD includes an extensive battery of 
assessments that capture wide-ranging potential predictors of 
sleep disturbances, spanning multiple participant-level domains 
(i.e. psychopathology, personality, cognition, and anthropomor-
phics) as well as additional levels of influence (i.e. family, school, 
and neighborhood).

Methods
Sample and data
Data used in the preparation of this article were obtained from 
the ABCD Study (https://abcdstudy.org), held in the NIMH Data 
Archive (NDA; https://nda.nih.gov). This is a multisite, longitu-
dinal study designed to recruit more than 10 000 children age 
9–10 and follow them over 10 years into early adulthood [35, 
37, 38]. The ABCD data repository grows and changes over time. 
The ABCD data used in this report came from ABCD Release 4.0, 
NDA Study 1299, doi: 10.15154/1523041, which can be found at 
https://nda.nih.gov/study.html?id=1299. Study procedures were 
approved by a central institutional review board. Youth partici-
pants and their caregivers provided assent and written informed 
consent, respectively. Study methods and results are reported fol-
lowing the Strengthening the Reporting of Observational Studies 
in Epidemiology Statement for cohort studies [39].

In our primary analysis, youth participants with complete 
baseline data for all variables of interest were included (N = 9093) 
while participants with missing data on one or more constructs 
of interest were excluded (N = 2783) from the analyses. The sam-
ple was roughly balanced by sex (47.5% female) and had a mean 
age of 9.92 years (SD = 0.63 years). Race and ethnicity of youth 
were determined based on parent report. Participants identified 
as Asian (2.1%), black (13.3%), Hispanic (19.1%), Other/multiracial 
(10.3%), and white (55.2%). More than two-thirds (69.8%) of youth 
participants lived in households in which the parent identified as 
married. Most parents (88.1%) reported at least some college, and 
most households (71.4%) reported an annual income of at least 
$50 000.

In our follow-up analysis, participants with complete data for 
the variables of interest at both baseline and 2-year follow-up 
visits were included (N = 4247). This subset of our baseline sam-
ple was 47.4% female, and the mean age of participants at the 
follow-up visit was 11.96 years (SD = 0.65 years). Participants 
identified as Asian (2.1%), black (9.2%), Hispanic (16.2%), Other/
multiracial (9.5%), and white (62.9%). More than two-thirds 
(73.8%) of youth participants lived in households in which the 
parent identified as married. Most parents (74.3%) reported at 
least some college, and most households (80.3%) reported an 
annual income of at least $50 000.

In additional sensitivity analyses (detailed in the 
Supplementary Materials), we utilized multiple imputation for 

missing data [40–42]. We included all participants with available 
data on sleep disturbances and at least one other construct of 
interest (baseline N = 11 871, 2-year follow-up N = 10 340).

Measures
The rationale and selection of measures administered in the 
ABCD Study have previously been described in detail [37]. In brief, 
the selection of measures was guided by consideration of devel-
opmental appropriateness for the age range to be assessed during 
the longitudinal study, the feasibility and reliability of adminis-
tration as part of a large multisite study, and evidence of scale 
validity and reliability [37]. For our analyses, a subset of ABCD 
Study measures was included that indexed multiple domains 
of sleep disturbance and key factors potentially associated with 
sleep disturbances across multiple levels including youth, family, 
school, and neighborhood characteristics.

Sleep disturbances
The SDSC [32] is a 26-item, parent-reported assessment of child-
hood sleep disturbance. The measure consists of six subscales cor-
responding to symptoms of six domains of sleep disorders, including 
disorders of initiating and maintaining sleep, sleep breathing 
disorders, disorders of arousal, sleep–wake transition disorders, 
disorders of excessive somnolence, and sleep hyperhydrosis. This 
well-established evidence-based assessment of multidimensional 
sleep problems [43] has been utilized in community and clinical set-
tings, translated for use in multiple languages [44–46], and demon-
strates adequate to good reliability [32, 47] and validity [32, 43, 45]. 
Additionally, the sleep breathing disorder subscale has shown sig-
nificant discriminant validity with polysomnographic-confirmed 
sleep-related breathing disorders [46].

Psychopathology
The parent report form of the Achenbach Child Behavior Checklist 
[48] (CBCL) assesses internalizing and externalizing behaviors in 
children using eight subscales: Withdrawn, Somatic Complaints, 
Anxious/Depressed, Social Problems, Thought Problems, Attention 
Problems, Delinquent Behavior, and Aggressive Behavior. The 
CBCL has well-established psychometric properties, including 
test–retest reliability and internal consistency, and is one of the 
most utilized measures of emotional and behavioral problems in 
children.

To ensure our findings were not unduly influenced by 
sleep-related symptoms of psychopathology, we removed all items 
related to sleep [49] before calculating CBCL subscale scores.

Personality and other traits
The Behavioral Inhibition System/Behavioral Activation System (BIS/
BAS) scale [50, 51] is a youth-reported 20-item measure designed 
to assess motivational systems. Specifically, the Behavioral 
Inhibition subscale indexes sensitivity to punishment while 
behavioral activation is captured by three subscales related to 
positive affect: Drive (intensity of goal-directed behavior), Fun 
seeking (spontaneity), and Reward Responsiveness (excitement 
over reinforcing outcomes). Preliminary analysis of a subset of 
ABCD participant data indicated adequate to good reliability of 
BIS/BAS subscales [37].

The Modified Urgency, Perseverance, Premeditation, and Sensation 
seeking (UPPS-P) Impulsive Behavior Scale for Children from PhenX 
Life Events is a 20-item youth-reported short version of the 
UPPS-P developed for use in the ABCD study [37] to index mul-
tidimensional trait impulsivity in youth [52]. The measure 

https://abcdstudy.org
https://nda.nih.gov
https://nda.nih.gov/study.html?id=1299
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
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has five subscales: Negative Urgency, Positive Urgency, Lack of 
Perseverance, Lack of Planning, and Sensation Seeking. This abbre-
viated version of the UPPS-P which was modified to be consistent 
with the adult short form exhibits a factor structure consistent 
with the adult version and has good external validity [52].

The Prodromal Questionnaire—Brief Version (PQ-B) [53] is a 21-item 
youth-report measure designed to index subclinical prodromal 
psychosis risk phenotypes. The PQ-B has demonstrated good reli-
ability [54] and convergent validity with clinician-administered 
assessments of psychosis risk [55].

The Prosocial Behavior subscale used in this study is an abbrevi-
ated version of the Prosocial Behavior subscale of the “Strengths 
and Difficulties Questionnaire” (SDQ) [56]. Specifically, the three 
items with the highest factor loadings were included. Our analy-
ses separately include data from parent reporting on youth and 
youth reporting on self. Psychometric properties of the SDQ have 
been validated in large, representative samples of children and 
adolescents [56, 57].

Cognition
The NIH Toolbox Cognition Battery [58–60] contains seven tasks 
encompassing episodic memory, executive function, atten-
tion, working memory, processing speed, and language abilities. 
The subtests consist of Dimension Change Card Sort, Flanker 
Inhibitory Control and Attention, List Sorting Working Memory, 
Pattern Comparison Processing Speed, Picture Sequence Memory, 
Oral Reading Recognition, and Picture Vocabulary. It is favored for 
being conducive to longitudinal research, comprehensive, and 
brief [61]. The NIH Toolbox Cognition battery has been validated 
in pediatric samples and shows strong psychometric properties 
including excellent test–retest reliability and good construct 
validity [62].

The Pearson Rey Auditory Verbal Learning Test (RAVLT) [63–65] 
assesses auditory learning and memory. The RAVLT has been 
found to have adequate internal reliability as well as test–retest 
reliability [63]. Our analyses include subscale scores assessing 
short-term and long-term recall [63].

Wechsler Intelligence Scale for Children, 5th Edition (WISC-V) 
[66] Matrix Reasoning subtest is considered a measure of fluid 
reasoning. Specifically, this subtest requires youth to view an 
incomplete array of visual stimuli and select the best option 
among four pictures to complete the matrix [63, 66]. The Matrix 
Reasoning subtest is well validated and demonstrates good reli-
ability [63].

The Little Man Task is intended to explore visuospatial process-
ing, perspective-taking, and mental rotation [67]. Essentially, the 
test displays a man with a briefcase in different spatial orien-
tations, and participants are asked to determine which hand is 
holding the briefcase.

Demographics and history
Family history of psychopathology

Based on previously published protocols, a family history com-
posite score was constructed from parent responses on the 
Family History Assessment [37, 68, 69] which assesses suicidality 
and 15 psychiatric disorders in a youth’s parents and first-degree 
relatives.

Demographics

Parents reported on the demographics of their child as well as 
their child’s parents and grandparents in a comprehensive demo-
graphic survey [37] that employed items primarily from the PhenX 

toolkit [70]. Items of interest for this analysis include youth’s race, 
sex, age, parental education, and household income.

Anthropometrics

Participants’ weight and height were measured up to three times 
consecutively during the baseline visit. The average of the meas-
urements was used to calculate BMI according to convention 
(weight [kg]/height [m2]).

Family, school, and neighborhood
The Family Conflict subscale of the Family Environment Scale [71, 
72] is composed of nine items assessing the degree of outwardly 
expressed conflict among family members. The subscales gen-
erally show good face and content validity and adequate inter-
nal consistency validity [71, 73]. Parents and youth separately 
reported on this subscale [74].

Youth reported on School Risk and Protective Factors (SRPF) to 
assess their perceptions of their school environment [74]. This 
PhenX Toolkit measure, derived from the “Communities That Care 
Youth Survey” [75] yields three subscales: School Environment, 
School Involvement, and School Disengagement. Examination of 
the psychometric properties of this scale in an initial ABCD sam-
ple suggested all three scales showed discriminant validity when 
comparing higher-risk and lower-risk youth, with the School 
Environment and School Involvement subscales also demonstrat-
ing adequate internal reliability [74].

Area Deprivation Index (ADI) is a measurement from the 
American Community Survey to assess neighborhood depriva-
tion (socioeconomic disadvantage based on income, education, 
employment, and housing quality) [76, 77]. Composite scores 
were available for each participant for up to three residences. A 
weighted average of ADI scores was computed based on months 
lived at each residence. Prior work has shown that the ADI is pre-
dictive of health outcomes [76, 78].

The Neighborhood Safety/Crime survey is a three-item 
parent-reported PhenX Toolkit [70] measure derived from “Safety 
from Crime” items [79, 80] assessing neighborhood characteris-
tics. Our analysis included the three items separately to assess 
parent’s perspective of neighborhood safety related to walking, 
crime, and violence. In the ABCD sample, this scale has demon-
strated good internal consistency and shown significant differ-
ences between higher-risk and lower-risk participants [81].

A brief Screen Time questionnaire was developed for ABCD 
[37] based on prior work by Sharif, Wills, and Sargent [82]. The 
two-question parent-report scale queries the overall amount of 
time the youth spends using visual media on a typical weekday 
and a typical weekend day.

Two-year follow-up measures
Two-year follow-up CCA analysis included all of the 
above-described measures except for a few which were not 
re-administered at that visit (i.e. Flanker Inhibitory Control and 
Attention tasks and the Wisconsin Card Sorting Test) or were not 
expected to change significantly from baseline (i.e. family history 
of psychopathology and ADI).

Additionally, to partially evaluate the extent to which common 
method variance may be biasing associations, we included an 
additional parent-rated questionnaire, first administered at the 
2-year follow-up visit, that we did not hypothesize to be associ-
ated with multifaceted sleep disturbances. The PhenX Neighborhood 
Collective Efficacy—Community Cohesion and Informal Social Control 
measure [81, 83] comprised 10 items regarding feelings of trust 
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and unity among neighbors. In the ABCD sample, this measure 
has shown good internal consistency [81].

Data analytic strategy
We used correlation analysis (CCA) [34] to identify associations 
between the six dimensions of sleep disturbances and a broad 
set of psychological, cognitive, and demographic variables (Figure 
1). CCA is a multivariate statistical method that extracts many-
to-many associations between two sets of variables. It identifies 
latent dimensions of largest common variation across two sets 
of measures by finding projections for each set of variables such 
that the correlations of these projections are maximized. The pro-
jections CCA discovers are called “canonical variates” (CVs), and 
the association between a pair of CVs from the variable sets is 
its “canonical correlation.” Each CV may also be expressed as a 
weighted linear combination of variables from the variable sets. 
These weights are called “variable loadings.” CCA has been pre-
viously utilized in high-dimensional multivariate fields such as 
genetics [84], fMRI imaging [85], and cognitive neuroscience [86].

To assess the generalizability of CCA models, we used leave-
one-site-out cross-validation. For each fold of cross-validation, 
data from one of the ABCD sites were held out, and data from 
all other sites served as the training dataset. CCA models were 
trained on the training dataset for each fold and applied to the 
held-out test dataset. The canonical correlations of the leading 
two CVs in the test dataset were recorded as measurements of 
model performance per fold [87]. The statistical significance of 
canonical correlations was established by non-parametric per-
mutation tests that accounted for twin, family, and site structure. 
Details on the preceding generalizability analyses are provided in 
Supplementary Material.

We assessed the statistical significance of the variable load-
ings for each CV using bootstrap analysis. In step 1, we resam-
pled participants with replacement across the entire dataset. In 
step 2, a CCA model was fit to the data generated from the first 

step and the loadings for each variable for the leading two CVs 
were recorded. Since the signs of canonical variables and variable 
loadings are indeterminate [87], in step 3, we aligned the boot-
strap loadings from step 2 to the observed loadings for each CV. 
That is, we multiplied each CV’s loadings by −1 if the sign of the 
sum of bootstrap loadings is different from the sign of the sum of 
observed loadings for the corresponding observed CV. These four 
steps were repeated 10 000 times yielding a distribution of load-
ings for each variable, for the first two CVs. An observed variable 
loading was calculated to be statistically significant if the 95% CI 
of its bootstrap distribution did not contain 0.

To assess the stability of the associations identified between 
multidomain sleep disturbances and a subset of our variables of 
interest, we repeated the CCA analysis in the subset of partic-
ipants who had complete data for the included variables from 
their 2-year follow-up visit.

To evaluate the robustness of our findings to imputation of 
missing data, we conducted sensitivity analyses repeating the 
baseline and 2-year follow-up CCA analyses utilizing multiple 
imputation for missing data (Supplementary Methods).

Code availability:
Code for running analyses can be found at https://github.com/
SripadaLab/ABCD_sleep_disturbances_CCA.

Results
Canonical correlation analysis of baseline sleep 
disturbances
To examine the many-to-many associations between multido-
main sleep disturbances and a broad set of psychological, cog-
nitive, and demographic variables, we employed a multivariate 
statistical method, canonical correlation analysis (CCA), that 
identifies patterns of covariation between two sets of varia-
bles. Using a leave-one-site-out cross-validation framework and 

Figure 1.  Depiction of canonical correlation analytic (CCA) approach. In this approach, multidomain data from the same set of participants were used 
to identify many-to-many associations between a broad set of psychological, cognitive, demographic, and other variables (Domain 1) and multifaceted 
sleep disturbances (Domain 2). CCA identifies weighted linear combinations of each set of variables (canonical variates, CVs) that maximize the 
correlation between the sets. The association between a pair of CVs is its canonical correlation.

http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
https://github.com/SripadaLab/ABCD_sleep_disturbances_CCA
https://github.com/SripadaLab/ABCD_sleep_disturbances_CCA
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baseline data from 9093 participants, our analysis identified 
two statistically significant CVs (Figure 2). Averaging across the 
22 cross-validation folds, the out-of-sample canonical correla-
tions for the first two CVs were 0.58 and 0.25 (with permutation 
p-values < .001), respectively. Standardized loadings for CV1 and 
CV2 for all variables included in this analysis are detailed in 
Supplementary Table 1.

First canonical variate loadings.
In CV1 (Figure 2, left column), which explained the largest amount 
of covariance, significant weights were seen for all six domains of 
sleep disturbances, with the highest loadings on problems initi-
ating and maintaining sleep, disorders of excessive hypersomno-
lence, and sleep–wake transition disorders.

For the predictor variables of interest, the highest loadings on 
CV1 were seen for psychopathology-related measures (i.e. six of 
eight of the CBCL subscales), indicating that increasing sever-
ity of multidimensional psychopathology was associated with 
increasing severity of sleep disturbances, particularly for prob-
lems initiating and maintaining sleep and disorders of excessive 

hypersomnolence. Relatedly, family history of psychopathology 
also had a significant positive loading.

Other significant loadings included a positive weight for 
parent-rated family conflict and a negative weight for neighbor-
hood safety related to crime, suggesting that increased levels of 
family conflict were linked to increased sleep disturbances while 
increasing neighborhood safety related to crime was associated 
with decreasing sleep disturbances.

Second canonical variate loadings.
In CV2 (Figure 2, right column), a significant positive loading was 
seen for sleep breathing disorders, suggesting unique associa-
tions between a subset of our variables of interest and this sleep 
disturbance specifically.

For the predictor variables of interest, the highest loadings 
were seen for BMI and African American/black race, suggest-
ing that higher BMI and black race (compared to white race) 
were related to increased severity of sleep breathing disorders. 
A significant positive loading was also seen for parent report of 
youth having visited a doctor for asthma, indicating youth with a 

Figure 2.  Plots of standardized loadings of CCA analysis relating sleep disturbances and multidomain predictors in the ABCD study baseline data. We 
used a multivariate machine learning method, CCA, to delineate associations between sleep disturbances on the one hand and a number of predictor 
domains on the other (i.e. psychopathology; personality and other traits; cognition; demographics and history; and family, school, and neighborhood). 
The y-axis lists the predictor variables (middle) and their respective domains (left), and the x-axis shows standardized beta weight values for these 
predictors. Error bars represent the 95% CI based on bootstrap analysis. Statistical significance is indicated by darkly shaded bars. For the first CV (left 
column), multidomain psychopathology was the strongest predictor of difficulty initiating and maintaining sleep and excessive daytime somnolence. 
For the second CV (right column), BMI and African American/black race were strongly predictive of sleep breathing disorders. Abbreviations: CCA, 
canonical correlation analysis; RAVLT, Rey Auditory Verbal Learning Test; WISC-V, Wechsler Intelligence Scale for Children-5th Edition; ER, emergency 
room.

http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
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history of asthma-related doctor’s visits had increased severity of 
symptoms of sleep breathing disorders compared to youth with 
no history of visiting a doctor for asthma.

These findings were robust to sensitivity analyses using mul-
tiple imputation for missing data (detailed in Supplementary 
Results and Supplementary Table 3).

CCA of year 2 sleep disturbances
To examine the stability and generalizability of the associations 
identified in our baseline analysis, we conducted a similar analy-
sis using data from the 2-year follow-up visit.

Using a leave-one-site-out cross-validation framework and 
2-year follow-up data from 4247 participants, our analysis iden-
tified 2 statistically significant CVs (Figure 3). Averaging across 
the 21 cross-validation folds, the out-of-sample canonical cor-
relations for the first 2 CVs were 0.54 and 0.20 (with permuta-
tion p-values < .001), respectively. Standardized loadings for CV1 
and CV2 for all variables included in this analysis are detailed in 
Supplementary Table 2.

In CV1 (Figure 3, left column), which explained the largest 
amount of covariance, significant weights were seen for five of 

the six domains of sleep disturbances, with the highest loadings 
on problems initiating and maintaining sleep and disorders of 
excessive hypersomnolence, similar to our findings using base-
line data.

For the predictor variables of interest, the highest loadings 
on CV1 were again seen for psychopathology-related measures 
(i.e. the same six out of eight CBCL subscales identified in the 
baseline analysis), indicating that increasing severity of mul-
tidimensional psychopathology was associated with increas-
ing severity of sleep disturbances, particularly for problems 
initiating and maintaining sleep and disorders of excessive 
hypersomnolence. In line with the baseline results, a signifi-
cant positive loading was seen for parent-rated family conflict, 
and a significant negative weight was found for neighborhood 
safety due to violence.

In CV2 (Figure 3, right column), a significant positive loading 
was seen for sleep breathing disorders, in line with the baseline 
results. For the predictor variables of interest, the highest loading 
was for BMI, consistent with results from the baseline analysis 
showing increasing BMI associated with increasing severity of 
sleep breathing disorders.

Figure 3.  Plots of standardized loadings of CCA analysis relating sleep disturbances and multidomain predictors in the ABCD study two-year 
follow-up data. We performed a similar CCA analysis on ABCD data from the two-year follow-up visit to assess the consistency of findings observed 
in baseline data. The y-axis lists the predictor variables (middle) and their respective categories (left), and the x-axis shows standardized beta weight 
values for these predictors. Error bars represent the 95% CI based on bootstrap analysis. Statistical significance is indicated by darkly shaded bars. On 
the first CV (left column), we once again saw multidomain psychopathology as the strongest predictor of difficulty initiating and maintaining sleep 
and excessive daytime somnolence. For the second CV (right column), we once again observed that BMI was strongly predictive of sleep breathing 
disorders. Abbreviations: CCA, canonical correlation analysis; RAVLT, Rey Auditory Verbal Learning Test; ER, emergency room.

http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
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Sensitivity analyses using multiple imputation for missing data 
(detailed in Supplementary Results and Supplementary Table 4) 
found a similar pattern of results as the primary analyses.

Discussion
Sleep disturbances are interconnected with adolescent health 
and behavior, but the complex, multidomain set of factors that 
contribute to their emergence is poorly understood. Using data 
from a population-based study of 9- and 10-year-olds [35, 36] and 
multivariate, data-driven machine learning methods, we mapped 
associations between multifaceted sleep disturbances and multi-
domain predictors spanning demographic, psychosocial, environ-
mental, and health-related domains. We identified two prominent 
sets of associations: (1) difficulty initiating and maintaining sleep 
and excessive daytime somnolence were strongly linked to most 
domains of psychopathology and family history of psychopathol-
ogy; (2) sleep breathing disorders were linked to BMI and black 
race. The primary canonical correlation was large (r2 of 0.36) and 
both sets of associations generalized very well out of sample. 
Moreover, the prominent associations were replicated using data 
from a second time point in the ABCD study. Our results add to 
our understanding of how sleep disturbances during emerging 
adolescence exhibit complex domain-spanning linkages to psy-
chological, social, and demographic factors.

This study leveraged data from the baseline and 2-year 
follow-up of the ABCD longitudinal study of youth at 21 sites in 
the United States and includes substantial demographic and soci-
oeconomic diversity. We coupled this dataset with novel machine 
learning methods. To our knowledge, this is the first study in youth 
to use data-driven multivariate methods to identify and quantify 
“many-many” associations between multiple types of sleep dis-
turbances on the one hand and multidimensional psychopathol-
ogy, cognition, personality, and socio-demographic factors, on the 
other. Our analytic approach was further strengthened by the use 
of leave-one-site-out cross-validation, allowing a clear demon-
stration that our findings are not spurious and that they gener-
alize to new participants across the 21 sites of the ABCD study.

We found that psychopathology emerged as the strongest pre-
dictor of sleep disturbances even when considering other con-
structs thought to affect sleep, with nearly all psychopathology 
domains showing robust associations. This finding supports prior 
research identifying a general factor of psychopathology (“p fac-
tor”), reflecting a latent dimension that encompasses variance 
shared across psychiatric disorders [88–90]. It also points to the 
importance of considering psychopathology and sleep disorders 
as interrelated when assessing and treating adolescent patients. 
Relatedly, family history of psychopathology was linked to sleep 
disturbances. This finding expands on prior work indicating an 
increased risk of sleep problems in youth and adolescents with 
parental history of depression [91, 92] and suggests a potential 
risk factor for sleep disturbances that may be useful for early 
identification and intervention.

Our analysis also identified a significant association between 
parent-rated family conflict and sleep disturbances. This finding 
aligns with past research showing poor family functioning [16] 
and negative family relational factors [16, 93] are linked to poor 
sleep quality in adolescents. Conflict within the family unit may 
result in stress which, in turn, may contribute to other known 
correlates of sleep disturbances such as heightened physiologi-
cal arousal and sensitivity to external threats [94]. This finding 
points to the importance of considering the family context in 

which youth sleep disturbances arise, as family conflict may be a 
modifiable target with appropriate interventions.

Sleep disturbances were also associated with neighborhood 
safety, suggesting an influence of the broader context in which 
youth reside. This finding parallels results from a longitudinal 
study which found that children living in neighborhoods char-
acterized by safety concerns had a higher prevalence of serious 
sleep problems than those living in more favorable neighbor-
hoods [20]. Similar to the experience of family conflict, concerns 
about neighborhood safety may contribute to psychological and 
physiological responses disruptive to sleep [95].

One strength of our analytic approach was the ability to exam-
ine additional associations that were present after accounting for 
the initial set of associations. In particular, we found BMI to be 
uniquely linked to sleep breathing disorders. Meta-analytic evi-
dence supports a prospective association between short sleep 
duration and the development of obesity in childhood and ado-
lescence [11]. Additionally, a recent study demonstrated support 
for causal roles of obesity and weight loss with sleep breathing 
disorder persistence and remission, respectively, in emerging 
adolescence [96]. Recent research on the ABCD Study sample 
demonstrated that children considered overweight or obese had 
significantly higher total scores on the sleep disturbances scale 
when compared to children with a normal BMI [97]. Our results 
add more specificity, suggesting that after accounting for other 
associations, BMI may be related to sleep breathing disorders 
specifically.

Our results also showed a significant association between 
sleep-disordered breathing and black race, which is consistent 
with prior work in smaller samples [98, 99]. Notably, even when 
controlling for obesity and increased rates of other respiratory 
problems such as asthma, research suggests that black youth 
experience both increased risk of developing sleep breathing 
disorders and greater severity of symptoms [98]. In interpreting 
these results, it is critical to recognize that race and ethnicity are 
socially defined constructs that exist within and intersect with a 
larger, intricate matrix of causally interrelated factors that span 
individuals, households, neighborhoods, schools, natural and 
built environments, and larger systems. Associations involving 
race and sleep disturbances, like other racial health disparities, 
should be interpreted thoughtfully in light of the complexity of 
this causal matrix in which both variables are embedded [100]. 
Given growing evidence of adverse neurocognitive consequences 
of untreated sleep breathing disorders in youth [101] and known 
disparities in access to treatment, our results highlight the need 
for continued research and targeted efforts aimed at reducing 
youth sleep health disparities [102].

Our findings should be considered with knowledge of the lim-
itations of our study. First, our analysis is correlational, and thus, 
directionality or causality of the identified associations cannot be 
established [103]. Second, in our study, youth sleep disturbances 
and several constructs of interest including multidimensional 
psychopathology were measured exclusively via parent report at 
baseline. This protocol was adopted by the ABCD Study to reduce 
the time impacts of youth participation as well as due to known 
issues with reliability of youth reports in 9- and 10-year-old chil-
dren. Thus, our findings (e.g. significant associations between 
multidimensional psychopathology and sleep disturbances) may 
be influenced by common method bias in which parent-report 
scales are used for the outcome (sleep disturbances) as well as 
many predictor domains [104, 105]. To partially address concerns 
about common method bias, in our 2-year follow-up analyses, 

http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsae048#supplementary-data
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we included an additional parent-reported questionnaire (i.e. 
The PhenX Neighborhood Collective Efficacy—Community Cohesion 
and Informal Social Control) that we did not hypothesize to be 
associated with multifaceted sleep disturbances (this question-
naire was not available at baseline). In this analysis, none of the 
parent-reported items from this questionnaire were found to be 
significantly associated with multifaceted sleep disturbances. 
This result provides some initial evidence that not all constructs 
based on parent-reported questionnaires were significantly asso-
ciated with sleep disturbances. Future research should seek to 
corroborate our findings using data from multiple informants as 
well as other measures of sleep disturbances such as actigraphy 
and polysomnography.

Our analysis demonstrated the prominent associations were 
stable across time points (i.e. baseline and 2-year follow-up). As 
data from additional time points become available, this analytic 
approach may be useful for exploring how multidomain asso-
ciations with sleep disturbances remain stable or change over 
time. While research suggests that parent-reported data on youth 
sleep disturbances are more reliable when children are young, 
as the participants grow older, youth self-reported data will be 
available and should be examined alongside and independently 
from parent-reported data to better account for rater effects. 
Additionally, a subset of participants from the ABCD Study pro-
vided actigraphic Fitbit data, which may provide an opportunity 
to examine multidomain associations with other sleep constructs 
such as sleep stages and sleep duration.

In sum, this study used novel, data-driven multivariate 
machine learning methods to identify robust and generaliza-
ble multidomain predictors of sleep disturbances, adding to our 
knowledge of the etiology of disturbed sleep in emerging adoles-
cence. Our findings provide support for the prominent associa-
tions of multifaceted psychopathology with sleep disturbances 
while also identifying key contextual factors including family 
conflict and neighborhood safety, suggesting the importance of 
multidimensional assessment of adolescent sleep. Additionally, 
the association of BMI and African American/black race with 
sleep-related breathing difficulties underscores the need for con-
tinued research to address sleep health disparities in emerging 
adolescents.
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Supplementary material is available at SLEEP online.
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