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Web Appendix 1. Statistical approach

Our analysis proceeded in several steps. We first imputed missing values using multiple im-
putation by chained equations, creating 30 imputed datasets (1l). There was no missingness
for our exposure of interest or for the mental health outcomes. Sleep outcomes were missing
for 1% of the sample or less. Covariate missingness ranged from 0% (sex, age, race/ethnic-
ity, region, language, and citizenship) to 43% (parental marital status). Doing an analysis
ignoring the missingness assumes that the data are missing completely at random—that
is, missingness is independent of both observed and unobserved variables (2)). This is a
strong and typically unrealistic assumption (2)). Addressing missingness through multiple
imputation instead assumes that the data are missing at random—that is, missingness can
depend on observed variables that are included in the missingness model (2). We included all
variables used in our analysis in all missingness models, which is necessary for congeniality
(3), as well as many additional variables at the individual, family, and Census block group
levels for a total of 122 variables and 40 additional second order interactions that improved
model fit. We assessed the quality of the imputation by comparing densities of the imputed
and observed values, as recommended (Il). We completed analysis on each dataset and then
pooled the results using Rubin’s combining rules (4)).

We then used full-matching on the propensity score (5)) for living in a high-noise area to
balance across the two exposure groups. Web Figure (1| compares covariate balance before
and after matching. All covariates were included in the propensity score model. Balance
on sex was ensured by exact matching, and we tightly controlled for household income and
neighborhood socioeconomic status by matching within calipers of those variables (0.2 stan-
dard deviations), given the importance of these factors in adolescent mental health (6 [7)
Combining propensity score matching with more strict control for influential variables has
been recommended previously (§). The resulting frequency weights from matching proce-
dure were multiplied by the NCS-A sampling weights for analysis. We used a doubly robust

substitution estimator, targeted minimum loss-based estimation (9), to estimate the effect of



exposure to noise levels above versus below the EPA limit of 55 dB for each outcome. This
analytic approach offers several robustness advantages as compared to a standard regres-
sion approach: 1) it is doubly robust, meaning that one can misspecify either the treatment
or outcome model without introducing bias; 2) because it is a substitution estimator, es-
timates are guaranteed to lie within the parameter space; and 3) the outcome model was
data-adaptively fitted using an ensemble of machine learning algorithms (generalized linear
models, Bayesian generalized linear models, multivariate adaptive regression splines, and
generalized additive models), thereby further reducing reliance on correct parametric model
specification (I0]) (propensity scores fit in the matching step described above were included
for the treatment modeling portion of this estimator). We used the SuperLearner ensemble
machine learning approach in model fitting, which weights the above specified algorithms to
minimize 10-fold cross-validated prediction error. Research has found that combining full
matching on the propensity score with targeted minimum loss-based estimation is a preferred
analytic strategy for minimizing bias and variance (I1).

Finally, all confidence intervals were adjusted to account for multiple testing using a false

discovery rate of 5% (12).

Web Appendix 2. Propensity score restricted analysis method

We assessed the sensitivity of our results to extrapolations beyond the support of the data by
limiting our analysis to the subsample (n=1880) of adolescents that have counterparts in the
opposite exposure group with similar propensities to live in high-noise areas. Practically, this
meant limiting the sample to adolescents whose propensity for living in high noise areas was
less than the 99th percentile among those who actually lived in low noise areas and greater
than the 1st percentile among those who actually lived in high noise areas (I3HI5). Web
Figure [2| shows this restriction. This approach is not compromised by practical violations
of the positivity assumption (I5]), which would result in relying on extrapolation beyond the

support of the data. However, it results in much smaller sample and loss of generalizability
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Web Figure 1: Covariate balance before and after matching.

s3ze8es

2

_O___

9906066 G O ET
0o

oo

000080
o)e) &o

[o)eXe)
Wivrt‘g‘&
O

o000®

O
o

A e

® Prematching
O Postmatching

0 30 60 90 120
Standarized Mean Difference, %




of the results to the population of urban US adolescents.
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Web Figure 2: Distribution of propensity scores by noise exposure groups. Area of overlap used for
sample restriction is highlighted in the pink rectangle. This area corresponds to N = 189 in the low-noise
group (44.6% retained), and N = 1691 in the high-noise group (41.4% retained).



Web Table 1: Demographic and community characteristics by noise level among 1) suburban and
2) rural adolescents: National Comorbidity Survey Replication—Adolescent Supplement, United States,

2001-2004.

Variables

Age (years), mean (SD)
Sex
Male
Female
Race
Hispanic/Latino
Black (non-Hispanic)
Other
White (non-Hispanic)
Language
Speak English at home
Speak other language at home
Log household income, mean (SD)
Immigrant generation,
1st generation
2nd generation
3rd generation
Maternal age, mean (SD)
Lived whole life with bio. father
No
Yes
Lived whole life with bio. mother
No
Yes
Maternal education
Less than high school
High school
Some college
College graduate
Parent-child psych. aggr.
Often
Sometimes
Not very often
Never

Parent-parent phys. asslt. (Minor)

Suburban (N = 3304)

Low Noise
(N=838)
15 (1.4)

53.4%
46.6%

5.4%
3.5%
2.8%
88.3%

89.1%
10.9%
11.2 (1.5)

2.4%
8.9%
88.7%
27.2 (5.6)

34.2%
65.8%

11.8%
88.2%

6.1%
38.0%
25.6%
30.3%

0.6%
7.2%
25.1%
67.1%

High Noise
(N=2466)
15.2 (1.5)

53.2%
46.8%

15.2%
17.3%

3.6%
63.9%

83.4%
16.6%
11.0 (1.8)

4.1%
8.6%
87.4%
26.1 (5.5)

43.8%
56.2%

11.3%
88.7%

8.7%
47.4%
22.4%
21.4%

1.5%
8.7%
23.2%
66.5%

Rural (N = 2311)

Low Noise
(N=1895)
15.1 (1.5)

49.2%
50.8%

4.0%
16.8%
2.6%
76.7%

91.7%
8.3%
10.7 (1.8)

1.0%
4.2%
94.8%
25.0 (5.7)

45.2%
54.8%

17.1%
82.9%

9.3%
50.7%
22.6%
17.3%

0.8%
5.8%
20.3%
73.2%

High Noise
(N=416)
15.0 (1.5)

51.9%
48.1%

8.7%
7.0%
3.5%
80.9%

89.6%
10.4%
10.9 (1.8)

3.0%
5.1%
91.9%
25.6 (5.2)

42.6%
57.4%

10.1%
89.9%

9.3%
47.7%
21.7%
21.4%

0.5%
6.4%
25.1%
68.0%



Variables

No
Yes

Parent-parent phys. asslt. (Severe)

No
Yes
Parent-parent psych. aggr.
Often
Sometimes
Not very often
Never
Employment, n (%)
Working
Student
Other
Neighborhood score, mean (SD)
Marital status
Married/co-habitating
Previously Married
Never Married
Region
Northeast
Midwest
South
West
Religion
Protestant
Catholic
Judaic
Eastern
No religion
Other
US Citizen
Not a US citizen
Yes, a US citizen
Greenness in 2000, mean (SD)

Max temperature in 2000, mean (SD)

NO3 in 2000, mean (SD)
Population density, mean (SD)

Low Noise
(N=884)
88.0%
12.0%

96.7%
3.3%

6.7%
15.8%
32.6%
44.8%

1.6%
97.9%
0.5%
1.3 (3.9)

63.6%
22.1%
14.3%

28.5%
21.3%
27.9%
22.4%

42.0%
25.4%
1.3%
1.3%
10.2%
19.8%

2.2%
97.8%
0.7 (0.1)
18.3 (4.5)
4(2.3)
)

415.4 (810 2

High Noise
(N=2254)
80.4%
19.6%

92.8%
7.2%

8.6%
18.6%
25.8%
46.9%

2.5%
95.0%
2.4%

-1.2 (4.8)

50.0%
30.4%
19.6%

6.6%
26.8%
54.5%
12.1%

48.2%
25.6%
0.7%
0.5%
10.0%
15.0%

3.6%

96.4%

0.6 (0.1)

21.2 (5.2)
11.8 (4.7)
1049.6 (1047.3)

Low Noise
(N=1987)
83.9%
16.1%

94.2%
5.8%

7.1%
13.8%
26.0%
53.0%

2.7%
95.1%
2.2%
-2.4 (2.9)

48.2%
36.4%
15.4%

8.4%
23.3%
59.2%

9.0%

68.6%
13.9%
0.2%
0.2%
7.9%
9.2%

0.8%

99.2%

0.7 (0.1)
19.7 (4.7)
9(22)

168.7 (461 6)

High Noise
(N=440)
78.5%
21.5%

94.3%
5.7%

8.5%
19.6%
30.5%
41.4%

1.5%
96.5%
2.0%

-2.2 (3.2)

40.6%
45.5%
13.9%

0%
61.2%
38.8%

0%

53.1%
22.0%
0.2%
0%
10.0%
14.7%

3.1%

96.9%

0.7 (0.2)
18.4 (3.3)
10.3 (2.7)
824.8 (877.5)



Web Table 2: Estimates and 95% confidence intervals (95% Cl) of associations between noise
and sleep and mental health outcomes among 1) suburban and 2) rural adolescents in the National
Comorbidity Survey Replication—Adolescent Supplement, United States, 2001-2004.

Outcome Difference (95% Cl)P Odds ratio (95% Cl)*
Suburban (N=3438)

Hours slept weeknight -0.44 (-1.25, 0.37)

Hours slept weekend night -0.04 (-0.65, 0.57)

Bedtime weeknight 0.32 (-0.61, 1.25)

Bedtime weekend night 0.27 (-0.06, 0.59)

Substance use disorder 0.03 (-0.18, 0.24) 1.60 (0.08, 33.36)

Anxiety or depressive disorder 0.14 (-0.18, 0.45) 2.38 (0.31, 18.16)

ADHD with impairment -0.15 (-0.54, 0.24) 0.45 (0.04, 4.49)
Behavioral disorder -0.13 (-0.46, 0.21) 0.56 (0.12, 2.73)
Rural (N=2427)
Hours slept weeknight 0.03 (-0.57, 0.64)
Hours slept weekend night 0.12 (-0.99, 1.22)
Bedtime weeknight 0.11 (-0.49, 0.71)
Bedtime weekend night 0.08 (-0.83, 0.99)
Substance use disorder -0.01 (-0.23, 0.22) 0.96 (0.11, 8.08)
Anxiety or depressive disorder -0.02 (-0.28, 0.23) 0.88 (0.24, 3.22)
ADHD with impairment 0.03 (-0.2, 0.25) 1.36 (0.11, 16.2)
Behavioral disorder -0.07 (-0.33, 0.19) 0.57 (0.08, 4.07)

@ High-noise was defined as day-night average sound levels exceeding 55 decibels based on the U.S. Environmental
Protection Agency exposure limit.

b Models were adjusted for block-group level nitrogen dioxide, normalized difference vegetative index, and so-
cioeconomic status (measured as a 6-item index) in 2000, and county-level average high temperature in 2000,
as well as adolescent characteristics derived from the CIDI: sex, age, race/ethnicity, English as primary language,
citizenship status, region of the country, immigrant generation, religion, whether the adolescent lived her/his
whole life with his/her mother and/or father, student status; and family characteristics derived from the CIDI:
family income (log-transformed), maternal age at birth of the adolescent, maternal education, parental marital
status, and family dynamics (presence of psychological aggression, moderate forms of physical assault, and severe
forms of physical assault separately for adolescent-parent dyad and parent-parent dyad.



Web Table 3: Estimates and 95% confidence intervals (95% Cl) of associations between noise and
sleep and mental health outcomes, among urban adolescents, limited to the area of support (N=1880).

Outcome Difference (95% Cl)2® OR (95% Cl)>P
Hours slept weeknight -0.20 (-0.42, 0.03)
Hours slept weekend night 0.49 (-0.15, 1.14)
Bedtime weeknight 0.63 (0.46, 0.81)
Bedtime weekend night 0.33 (0.04, 0.62)
Substance use disorder 0.04 (-0.03, 0.1) 1.59 (0.64, 3.95)
Anxiety or depressive disorder ~ -0.17 (-0.34, 0.00) 0.49 (0.24, 1.00)
ADHD with impairment 0.03 (-0.04, 0.11) 1.79 (0.48, 6.6)
Behavioral disorder -0.18 (-0.42, 0.06) 0.34 (0.09, 1.28)

@ High-noise was defined as day-night average sound levels exceeding 55 dB based on the U.S. Environmental
Protection Agency exposure limit.

b Models were adjusted for block-group level nitrogen dioxide, normalized difference vegetative index, and so-
cioeconomic status (measured as a 6-item index) in 2000, and county-level average high temperature in 2000,
as well as adolescent characteristics derived from the CIDI: sex, age, race/ethnicity, English as primary language,
citizenship status, region of the country, immigrant generation, religion, whether the adolescent lived her/his
whole life with his/her mother and/or father, student status; and family characteristics derived from the CIDI:
family income (log-transformed), maternal age at birth of the adolescent, maternal education, parental marital
status, and family dynamics (presence of psychological aggression, moderate forms of physical assault, and severe
forms of physical assault separately for adolescent-parent dyad and parent-parent dyad.

Web Table 4: Estimates of average treatment effect of a 1-standard deviation increase in day-night
average sound level on sleep and mental health outcomes among urban adolescents (N=4508).

Outcome ATE2P 95% ClI

Hours slept weeknight -0.006 -0.122, 0.111
Hours slept weekend night -0.016 -0.172, 0.140
Bedtime weeknight 0.196 0.025, 0.368
Bedtime weekend night 0.048 -0.097, 0.192
Substance use disorder -0.001 -0.022, 0.021
Anxiety or depressive disorder 0.025 -0.010, 0.060
ADHD with impairment 0.007 -0.032, 0.047
Behavioral disorder 0.013 -0.030, 0.055

Abbreviation: ATE, average treatment effect
@ ATE for a 1-standard deviation (4.6 dB) increase in census block group noise level

b Models were adjusted for block-group level nitrogen dioxide, normalized difference vegetative index, and so-
cioeconomic status (measured as a 6-item index) in 2000, and county-level average high temperature in 2000,
as well as adolescent characteristics derived from the CIDI: sex, age, race/ethnicity, English as primary language,
citizenship status, region of the country, immigrant generation, religion, whether the adolescent lived her/his
whole life with his/her mother and/or father, student status; and family characteristics derived from the CIDI:
family income (log-transformed), maternal age at birth of the adolescent, maternal education, parental marital
status, and family dynamics (presence of psychological aggression, moderate forms of physical assault, and severe
forms of physical assault separately for adolescent-parent dyad and parent-parent dyad.



Web Table 5: Estimates and 95% confidence intervals (95% Cl) of associations between noise and
sleep and mental health outcomes not limiting to area of support, noise dichotomized at 65 dB, among
urban adolescents (N=4508).

Outcome Difference (95% Cl)*P OR (95% Cl)*®

Hours slept weeknight -0.24 (-2.18, 1.71)

Hours slept weekend night -0.03 (-2.88, 2.83)

Bedtime weeknight 0.24 (-1.59, 2.08)

Bedtime weekend night 0.24 (-1.70, 2.19)

Substance use disorder 0.07 (-0.27, 0.41) 1.82 (0.06, 57.81)
Anxiety or depressive disorder ~ 0.07 (-0.65, 0.79) 1.37 (0.06, 30.8)
ADHD with impairment 0.07 (-0.31, 0.44) 1.77 (0.05, 66.8)
Behavioral disorder 0.08 (-0.4, 0.55) 1.60 (0.07, 35.59)

@ High-noise was defined as day-night average sound levels exceeding 65 dB based on the U.S. Federal Aviation
Administrations threshold. 9% (n=405) of the sample lived in communities where day-night average sound levels
exceeded 65 dB.

b Models were adjusted for block-group level nitrogen dioxide, normalized difference vegetative index, and so-
cioeconomic status (measured as a 6-item index) in 2000, and county-level average high temperature in 2000,
as well as adolescent characteristics derived from the CIDI: sex, age, race/ethnicity, English as primary language,
citizenship status, region of the country, immigrant generation, religion, whether the adolescent lived her/his
whole life with his/her mother and/or father, student status; and family characteristics derived from the CIDI:
family income (log-transformed), maternal age at birth of the adolescent, maternal education, parental marital
status, and family dynamics (presence of psychological aggression, moderate forms of physical assault, and severe
forms of physical assault separately for adolescent-parent dyad and parent-parent dyad.

Web Appendix 3. Heirarchical Clustering Analysis Method

The sensitivity of our results was again assessed using a data-driven method to dichotomize the data into high
and low noise groups. We used hierarchical clustering, with the complete agglomeration method, to create
two clusters with distances based on mean and maximum day-night average sound levels (DNL), daytime
equivalent continuous sound levels, and nighttime equivalent continuous sound levels. This method allowed
us to identify low noise and high noise groups from the joint empirical distributions of the data and to split
the data into a group exposed higher noise levels and a group exposed to lower noise levels. Membership in
the high-noise cluster was used as the exposure of interest and the analysis was carried out as described in

Web Appendix 1.
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Web Table 6: Estimates and 95% confidence intervals (95% Cl) of associations between noise and
sleep and mental health outcomes not limited to area of support, noise dichotomized with hierarchical

clustering, among urban adolescents (N=4508).

Outcome Difference (95% Cl)* OR (95% Cl)P
Hours slept weeknight -0.04 (-0.28, 0.21)
Hours slept weekend night -0.18 (-0.71, 0.36)
Bedtime weeknight 0.25 (0.01, 0.48)
Bedtime weekend night 0.20 (-0.14, 0.55)
Substance use disorder 0.04 (-0.03, 0.11) 1.53 (0.66, 3.55)
Anxiety or depressive disorder ~ 0.08 (-0.03, 0.19) 1.48 (0.85, 2.58)
ADHD with impairment 0.05 (0.00, 0.10) 2.73 (0.94, 7.89)
Behavioral disorder 0.00 (-0.15, 0.15) 1.05 (0.36, 3.05)

@ Observations were split into a high and low noise level group using hierarchical clustering. High-noise was
defined as membership in the cluster with higher average mean and maximum noise levels.

b Models were adjusted for block-group level nitrogen dioxide, normalized difference vegetative index, and so-
cioeconomic status (measured as a 6-item index) in 2000, and county-level average high temperature in 2000,
as well as adolescent characteristics derived from the CIDI: sex, age, race/ethnicity, English as primary language,
citizenship status, region of the country, immigrant generation, religion, whether the adolescent lived her/his
whole life with his/her mother and/or father, student status; and family characteristics derived from the CIDI:
family income (log-transformed), maternal age at birth of the adolescent, maternal education, parental marital
status, and family dynamics (presence of psychological aggression, moderate forms of physical assault, and severe
forms of physical assault separately for adolescent-parent dyad and parent-parent dyad.
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