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ARTICLE INFO ABSTRACT
Keywords: Knowledge about early risk factors for major depressive disorder (MDD) is critical to identify those who are at
Environment high risk. A multivariable model to predict adolescents’ individual risk of future MDD has recently been
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developed however its performance in a UK sample was far from perfect. Given the potential role of air pollution
in the aetiology of depression, we investigate whether including childhood exposure to air pollution as an
additional predictor in the risk prediction model improves the identification of UK adolescents who are at
greatest risk for developing MDD. We used data from the Environmental Risk (E-Risk) Longitudinal Twin Study, a
nationally representative UK birth cohort of 2232 children followed to age 18 with 93% retention. Annual
exposure to four pollutants — nitrogen dioxide (NO2), nitrogen oxides (NOy), particulate matter <2.5 pm (PMy 5)
and <10 pm (PM;o) — were estimated at address-level when children were aged 10. MDD was assessed via in-
terviews at age 18. The risk of developing MDD was elevated most for participants with the highest (top quartile)
level of annual exposure to NOx (adjusted OR = 1.43, 95% CI = 0.96-2.13) and PM; 5 (adjusted OR = 1.35, 95%
CI = 0.95-1.92). The separate inclusion of these ambient pollution estimates into the risk prediction model
improved model specificity but reduced model sensitivity — resulting in minimal net improvement in model
performance. Findings indicate a potential role for childhood ambient air pollution exposure in the development
of adolescent MDD but suggest that inclusion of risk factors other than this may be important for improving the
performance of the risk prediction model.

1. Introduction disease burden (Gore et al., 2011; Whiteford et al., 2013). MDD has a
pervasive negative impact and is especially debilitating because of its
Major depressive disorder (MDD) is a leading contributor to global common onset during adolescence and young adulthood and its usual
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chronic course throughout life (Thapar et al., 2012). Knowledge about
early risk factors for the development of MDD is therefore critical to
inform effective and targeted early intervention to prevent its onset and
a lifetime of suffering.

There is a well-established evidence base for a range of early risk
factors for MDD including, but not limited to, female sex (Altemus et al.,
2014), parental history of depression (Weissman et al., 1997), childhood
maltreatment (Li et al., 2016), and negative relationships with family
(Yap et al., 2014) and peers (Moore et al., 2017). Despite recognition
that multiple risk factors will combine to increase the probability of
developing MDD, studies typically investigate only one (or a few) risk
factors at a time. Moreover, these factors increase the average risk for
MDD, but much less is known about whether they accurately predict
onset for a particular individual. Knowledge about the combination of
factors that best predict which individuals will develop MDD is therefore
lacking. Recent work has begun to address this gap: Rocha et al. (2021)
have developed a multivariable prognostic model to calculate individ-
ualised risk in early adolescence of developing MDD at age-18. Risk
prediction is an important part of medical care and public health, and
models are widely used within medical practice - for example to predict
individual risk of cardiovascular disease (D’Agostino et al., 2008).
However, their application to psychiatric outcomes remains quite novel
despite the potential to aid clinical practice by identifying who to target
with preventive interventions (i.e., those at high risk). Rocha and col-
leagues’ depression risk prediction model was developed using data
from the Brazilian Pelotas birth cohort and internal validation demon-
strated an acceptable level of discrimination (C-statistic = 0.71) and
good calibration. The model was then refitted and evaluated in the UK
Environmental Risk (E-Risk) Longitudinal Twin Cohort - a
nationally-representative 18-year study. Performance in this external
sample was reduced (C-statistic = 0.62) suggesting that other
context-specific factors involved in the development of adolescent MDD
might be needed to improve the model’s predictive ability in the UK.

One potential factor is exposure to ambient air pollution — harmful
pollutants emitted by industries, households, and road traffic. Inhalation
of air pollutants is known to cause systemic inflammation and oxidative
stress (Kelly, 2003; Pope et al., 2016) and is a major cause of premature
death and disease largely due to cardiovascular and respiratory condi-
tions (World Health Organization [WHO], 2013). Inflammatory pro-
cesses have been implicated in the aetiology of psychiatric disorders
(Danese and Baldwin, 2017; Miller et al., 2019) suggesting a possible
biological mechanism linking air pollution with mental health. Accu-
mulating evidence does indeed indicate associations between air
pollution exposure and poorer mental health (Bakolis et al., 2020;
Klompmaker et al., 2019; Newbury et al., 2019; Oudin et al., 2016;
Power et al., 2015) including depression (Braithwaite et al., 2019; Fan
et al., 2020; Szyszkowicz et al., 2009; Wang et al., 2020; Zhao et al.,
2020).

Childhood is an important period for identifying early risk factors for
depression. This may also be an especially vulnerable time for air
pollution exposure because children’s lungs, brain, and immune system
are still developing and because they may inhale higher doses of air
pollutants than adults due to their faster breathing (WHO, 2018).
Existing evidence of a link between children’s air pollution exposure and
depressive symptoms is scarce and results are mixed. For example, in the
US pre-natal air pollutant exposure has been associated with children’s
symptoms of depression at age 6-7 years (Perera et al., 2012). On the
other hand, a study of multiple European birth cohorts found no asso-
ciation between pre- or post-natal exposure to air pollution and chil-
dren’s depressive symptoms between ages 7 and 11 years (Jorcano et al.,
2019). Likewise, a US study of early-life air pollution exposure and
pre-schoolers’ internalising behaviour found no association (Loftus
et al., 2020).

Few studies have examined longitudinal links between childhood air
pollution exposure and adolescent depression. A US study of traffic-
related pollution exposure (Yolton et al., 2019) found exposure during
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early life and across childhood was associated with elevated symptoms
of depression at age 12. Similarly, a pilot study using a London-based
subsample of the UK E-Risk cohort (N = 284) found modest but robust
associations of childhood exposure to particulate matter with aero-
dynamic diameters of less than 2.5 pm (PMjs) and nitrogen dioxide
(NO») with MDD at age 18 (Roberts et al., 2019).

Drawing on this literature of associations between childhood air
pollution exposure and MDD at the group-level, we aim to examine
whether air pollution exposure can contribute to accurate individual-
level MDD risk prediction. It is important not to just discard risk pre-
diction models that have been developed but need improvement, but
instead undertake model revision (Moons et al., 2009). Therefore, we
will test whether the inclusion of childhood air pollution exposure as an
additional predictor in Rocha and colleagues’ multivariable depression
risk prediction model improves the identification of adolescents who are
at greatest risk for developing MDD in the UK. Utilising the full E-Risk
cohort, we focus on age-10 exposure to four ambient air pollutants (NOy;
NOx [nitrogen oxides]; PMy 5; and PM; [particulate matter with aero-
dynamic diameters <10 pm]). As a preliminary step, before including
age-10 air pollution exposure into the risk prediction model, we test
longitudinal associations between each pollutant and age-18 MDD.

2. Material and methods
2.1. Study cohort

Participants were members of the Environmental Risk (E-Risk)
Longitudinal Twin Study, which tracks the development of a nationally
representative birth cohort of 2232 British twin children. Full details
about the sample are reported elsewhere (Moffitt and E-Risk Study
Team, 2002) and in Supplementary Material. Briefly, the E-Risk sample
was constructed in 1999-2000 when 1116 families (93% of those
eligible) with same-sex 5-year-old twins participated in home-visit as-
sessments. This sample comprised 56% monozygotic (MZ) and 44%
dizygotic (DZ) twin pairs; sex was evenly distributed within zygosity
(49% male). Families were recruited to represent the UK population of
families with newborns in the 1990s, on the basis of residential location
throughout England and Wales and mother’s age.

Follow-up home-visits were conducted when the participants were
aged 7, 10, 12 and 18 years (participation rates were 98%, 96%, 96%,
and 93%, respectively). There were 2066 E-Risk participants who were
assessed at age 18. The average age of the participants at the time of the
assessment was 18.4 years (SD = 0.36); all interviews were conducted
after the 18th birthday. There were no differences between those who
did and did not take part at age 18 in terms of socioeconomic status
(SES) assessed when the cohort was initially defined (xz =0.86,p =
0.65), age-5 IQ scores (t = 0.98, p = 0.33), age-5 behavioural (t = 0.40, p
= 0.69) or emotional (t = 0.41, p = 0.68) problems, or childhood poly-
victimisation (z = 0.51, p = 0.61). The cohort’s neighbourhoods
represent the full range of socioeconomic conditions in Great Britain.
Supplementary Figure 1 shows E-Risk families’ addresses are a near-
perfect match to the deciles of the UK’s 2015 Lower-layer Super
Output Area (LSOA) Index of Multiple Deprivation (IMD) which aver-
ages 1500 residents; approximately 10% of the cohort fills each of IMD’s
10% bands.

The Joint South London and Maudsley and the Institute of Psychiatry
Research Ethics Committee approved each phase of the study. Parents
gave informed consent and twins gave assent between 5 and 12 years
and then informed consent at age 18.

2.2. Measures

2.2.1. Age-10 ambient air pollution exposure

Pollution exposure estimates were modelled for the year 2004 and
linked to the latitude-longitude coordinates of participants’ residential
addresses at age 10. Pollution exposure estimates were modelled at the
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local-scale using the Community Multiscale Air Quality (CMAQ-urban)
Modelling System, a regional chemical transport model coupled to
street-scale dispersion model. CMAQ-urban uses a new generation of
road traffic emissions inventory in the UK to model air quality down to
individual streets, providing hourly estimates of pollutants at 20 x 20-
metre grid points throughout the UK (i.e., address level). Full details on
the creation and validation of this model have been described previously
(Beevers et al., 2012; Carslaw, 2011) and model evaluation information
is provided in Supplementary Material.

Participants’ average exposure to four pollutants across 2004 was
estimated: NO5 (regulated gaseous pollutant), NOx (regulated gaseous
pollutant, composed of NOy and nitric oxide), and PMys and PM;
(regulated pollutants composed of inorganic aerosols, carbonaceous
aerosols, and dusts). To index the worst concentrations of air pollution
while retaining statistical power and ensuring parity between the mea-
sures, air pollutants were dichotomised at the top quartile of exposure in
this sample. These quartile cut-offs in micrograms per cubic metre were:
33.1 pg/m® for NO,, 45.4 pg/m® for NOy, 13.3 pg/m° for PMys, and
18.6 pg/m® for PMyo. Air pollutants were moderately to highly corre-
lated (r = 0.43-0.98; p < 0.001). We examined the individual associa-
tions of each pollutant with adolescent MDD as they may have
differential effects. Just over 64% of E-Risk participants remained at the
same home address in the years preceding 2004 (ages 5-10) suggesting
reasonably consistent levels of air pollution throughout childhood, with
the caveat that changes in pollution levels in the same area may occur
over time.

2.2.2. Age-18 major depressive disorder

We assessed current depressive symptoms using the Diagnostic
Interview Schedule (Robins et al., 1995). The interview began with four
screening questions to identify participants who had experienced at least
2 weeks of persistent low mood, anhedonia, or irritability in the past
year, or those who had been prescribed medication for depression.
Participants who answered positively to any of the screening items were
asked a further 24 questions designed to map onto the nine
symptom-criteria of a major depressive episode specified in the Diag-
nostic and Statistical Manual of Mental Disorders, Fourth Edition
(DSM-1V; American Psychiatric Association, 1994). We created a scale
based on the total number of symptom-criteria present. To identify
participants with clinically significant depression we used a diagnostic
cut-off based on the presence of at least five symptom-criteria plus
interference in daily functioning. At age 18, 20% of E-Risk Study par-
ticipants met these criteria for MDD.

2.2.3. Covariates

We account for several key covariates in our preliminary analyses of
associations between age-10 air pollution exposure and age-18 MDD.
Due to potential associations with both air pollution and MDD we
include measures of family SES, neighbourhood SES, and urbanicity.
Smoking status is included to account for the possible confound with air
pollution exposure. Sex, family psychiatric history, and age-10 depres-
sive symptoms are included due to their association with MDD. All
covariates are detailed in Supplementary Material.

2.2.4. Risk prediction model

Full details of the depression risk prediction model are described by
Rocha et al. (2021). In brief, the baseline model was developed using
data from the 1993 Pelotas birth cohort with sociodemographic vari-
ables to predict individual risk of MDD at age 18 for adolescents with no
previous depressive symptoms. The performance of the risk prediction
model was then evaluated in the UK context using the E-Risk cohort.
Participants were included if they were assessed for MDD at age 18 and
had data for all predictors, but were excluded if they had an intelligence
quotient <70 and/or there was evidence of an MDD diagnosis before age
12 (N = 1144). Model predictors included: biological sex (male/female);
skin colour (white/non-white); any drug use (yes/no); school failure
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(yes/no); social isolation (yes/no); fight involvement (yes/no); ever ran
away from home (yes/no); childhood maltreatment (non-
e/probable/severe); and interactions of each of these with biological sex
(for measurement details see Supplementary Table 2). Consistent with
methodological recommendations (Moons et al., 2012), the Pelotas
model intercept was corrected for the E-Risk cohort to take account of
the differing MDD prevalence rates (model recalibration). Model co-
efficients were also optimised for the E-Risk cohort to account for dif-
ferences in the strength of predictors. Performance statistics for this
refitted model (as reported by Rocha et al., 2021) are shown in Table 2.

2.3. Statistical analyses

As a preliminary step we conducted binary logistic regression using
Stata (v.15) to test associations between each ambient air pollution
exposure estimate at age 10 and MDD at age 18. Unadjusted models
controlled only for the non-independence of twin observations using the
Huber-White variance estimator (Williams, 2000). To test the robustness
of these associations, we then (i) adjusted models for sex, neighbour-
hood SES, urbanicity, smoking status, family SES, family psychiatric
history, and age-10 depressive symptoms, (ii) used pollution variables
categorised at different thresholds to check the sensitivity of our highest
quartile cut-off, (iii) used continuous pollution variables, and (iv)
limited the analysis to the 63.6% of participants who did not move
residence between ages 10 and 18 to keep air pollution exposure as
consistent as possible over time.

Next, we utilised the depression risk prediction model developed and
refitted to the E-Risk cohort by Rocha et al. (2021). Each ambient air
pollutant that was associated with depression in our binary logistic
regression models was separately included as an additional predictor in
this risk prediction model. We checked for change in model performance
first by comparing the new prediction models (with pollution included)
to the original model (without pollution) on the following measures: (i)
discrimination — the model’s ability to separate adolescents with and
without MDD at age 18 — using the C-statistic; (ii) calibration — the
agreement between the observed and predicted outcomes — by exam-
ining the calibration intercept and the slope, (iii) the Brier score — a
combination of discrimination and calibration, and (iv) R? — an overall
goodness of fit measure (see Supplementary Material for explanation of
these metrics).

To fully appreciate the contribution of the air pollution predictor in
the context of the established model predictors we also used the Net

Table 1

Associations between ambient air pollution estimates and age-18 major
depressive disorder for those exposed to the highest level (top quartile versus
lower three quartiles) of averaged annual pollution concentration according to
their home address at age 10.

Pollutant Model OR 95% CI
NO, Unadjusted” 1.20 0.92-1.57
Adjusted” 1.16 0.78-1.70
NOx Unadjusted® 1.36* 1.04-1.77
Adjusted” 1.43 0.96-2.13
PMas Unadjusted® 1.32% 1.01-1.73
Adjusted” 1.35 0.95-1.92
PM;o Unadjusted” 0.97 0.74-1.28
Adjusted” 0.91 0.67-1.22

Note. CI = confidence interval; NO, = nitrogen dioxide; NOx = nitrogen oxides;
OR = odds ratio; PM, 5 = particulate matter with aerodynamic diameters of less
than 2.5 pm; PM; ¢ = particulate matter with aerodynamic diameters of less than
10 pm. *p < 0.05.

2 Models control for the non-independence of twin observations (participants
with full data included, N = 1988).

b Models were adjusted for the confounding effects of sex, neighbourhood
socio-economic status (SES), urbanicity, smoking status, family SES, family
psychiatric history, age-10 depressive symptoms, and the non-independence of
twin observations (participants with full data included, N = 1879).
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Table 2
Model performance measures and Net Reclassification Improvement (NRI)
analyses.

Performance Depression risk prediction model
measure . .. . ..
Original Original Original Original
model” model + model + model + PMs 5
NOy” PM, 5 or NOy
C-statistic 0.62 0.63 0.62 0.62
Intercept 0.00 0.00 0.00 0.00
Slope 1.20 1.00 1.00 1.00
R? 0.04 0.05 0.04 0.05
Brier Score 0.14 0.14 0.14 0.14
Correctly 117/196 99/196 89/196 102/196
identified
cases (n)
Correctly 495/915 616/915 654/915 610/915
identified
non-cases (n)
Total correctly 612/ 715/1111 743/1111 712/1111
identified (n) 1111
NRI (95% CI) - 0.04 0.03 0.05
(-0.03-0.11) (-0.03 - 0.09) (-0.02 - 0.12)
NRI+ (95% CI) - -0.09 -0.14 -0.08
(-0.15 to (-0.20 to (-0.14t0 -0.01)
-0.03) -0.09)
NRI- (95% CI) - 0.13 0.17 0.13
(0.10-0.16) (0.15-0.20) (0.09-0.16)

Note. CI = confidence interval; NOx = nitrogen oxides; PM, s = particulate
matter with aerodynamic diameters of less than 2.5 pm. Prediction models
include participants meeting inclusion/exclusion criteria with full data for
original model predictors and pollution estimates, N = 1111. NRI = net
reclassification improvement at the event rate compared to the original model.
NRI+ = net proportion of persons with major depressive disorder (MDD) at age
18 correctly reclassified; NRI- = net proportion of persons without MDD at age
18 correctly reclassified. Better model performance is indicated by higher values
for C-statistic, R%, and NRI, positive values of NRI+ and NRI-, lower values for
Brier score, values closer to O for calibration intercept, and values closer to 1 for
calibration slope.

? Original model (without pollution predictors) reported by Rocha et al.
(2021).

b prediction model with NOy (top quartile vs lower quartiles) included as an
additional predictor.

¢ Prediction model with PM, 5 (top quartile vs lower quartiles) included as an
additional predictor.

4 prediction model with an additional predictor included indicating top
quartile exposure to either NOx or PM, 5 (versus lower quartiles of both).

Reclassification Improvement (NRI) method (Pencina et al., 2008). NRI
quantifies the extent to which the new model correctly reclassifies
participants as high or low risk (using a cut-off equivalent to the
event-rate) (Pencina et al., 2017) compared to the original model. It is
the sum of two components: NRI+ and NRI-. The NRI+ is the net pro-
portion of ‘cases’ (participants with MDD) reclassified from low to high
risk by the new model. This can be interpreted as the change in true
positive rate — the change in the proportion of participants with MDD
correctly identified as being likely to develop MDD. A positive NRI+
value therefore indicates model improvement (improved sensitivity)
whereas a negative value indicates poorer performance than the original
model. The NRI- is the net proportion of non-cases (participants without
MDD) reclassified from high to low risk by the new model. This is the
change in false positive rate — the change in the proportion of
non-depressed participants incorrectly identified as likely to develop
MDD. A positive NRI- value indicates improved model performance
(improved specificity); a negative value indicates poorer performance
than the original model. The overall NRI value represents the change in
sensitivity accounting for the change in specificity. As recommended, we
report the overall NRI as well as its components (Leening et al., 2014;
Kerr et al., 2015). The risk prediction model and NRI analyses were
conducted using R (v.3.5.1).
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3. Results
3.1. Preliminary analyses

The mean annualised concentration estimate in the E-Risk cohort in
2004 for NO, was 26.04 pg/n‘l3 (SD = 10.12, IQR = 18.87-33.02), for
NOy was 35.19 pg/m® (SD = 17.44, IQR = 22.71-45.35), for PMj, 5 was
12.07 pg/m3 (SD = 2.18, IQR = 11.27-13.30), and for PM;( was 17.47
ng/m3 (SD = 2.87, IQR = 15.92-18.57). Mean levels of PMj 5 in the E-
Risk cohort exceeded current WHO air quality guidelines (>10 pg/m?;
WHO, 2005). Fig. 1 shows the mean annualised air pollution concen-
trations by quartile.

The prevalence of adolescent MDD according to estimated exposure
to NOg, NOx, PMy 5, and PM; at age 10 is shown in Fig. 2. Children
exposed to the highest (top quartile) annual levels of NOx and PM 5 had
higher odds of developing MDD at age 18 compared to those exposed to
lower (bottom three quartiles) pollution levels (Table 1). Effect sizes
were not attenuated after adjusting for covariates, though associations
were no longer statistically significant. We found no significant associ-
ations between childhood exposure to NOy or PM;(y and adolescent
MDD.

Using pollution variables dichotomised at the mean or at WHO
thresholds or using pollutants as continuous variables showed a com-
parable pattern of findings for associations of NOx with age-18 MDD
(Supplementary Tables 3 and 4). For example, after adjusting for
covariates, the odds of adolescent MDD were elevated whether NOx was
dichotomised at the mean (OR = 1.31; 95% CI = 0.94-1.82) or at WHO
threshold (OR = 1.35; 95% CI = 0.93-1.95) or continuous (OR = 1.26,
95% CI = 1.00-1.59). Odds for NO, a component of NOx, were signif-
icantly elevated when dichotomised at the mean (adjusted OR = 1.60;
95% CI = 1.16-2.21). However, the associations for PM; 5 were atten-
uated when using these alternative cut-offs and the continuous variable
(Supplementary Tables 3 and 4).

Repeating our analyses using participants who lived at the same
address between ages 10 and 18 showed a similar pattern to our original
findings (Supplementary Table 5), albeit with smaller adjusted effect
sizes for NOx.

3.2. Does childhood ambient air pollution exposure improve the
performance of the adolescent depression risk prediction model in the E-
Risk cohort?

Given the observed association of age-10 NOx and PM; 5 exposure
(when dichotomised at the top quartile) with age-18 MDD, we focused
on these two ambient air pollutants. There was considerable overlap
between exposure to the highest levels of NOx and PMy 5 — 82% of
participants who were exposed to the highest levels of PMy 5 at age 10
were also exposed to the highest levels of NOyx, and vice versa.
Accordingly, we created a variable to reflect childhood exposure to
either the highest (top quartile) annualised mean levels of NOx or PM3 5
versus lowest (bottom three quartiles) annualised mean levels of both.

Table 2 shows the performance measures of the depression risk
prediction model (i) without pollution, (ii) with childhood NOx expo-
sure included, (iii) with childhood PMj; s exposure included, and (iv)
with childhood exposure to NOx or PMs 5 included. The C-statistic,
calibration slope and intercept, R?, and Brier score were largely un-
changed by the inclusion of age-10 exposure to NOx or PMy 5 as an
additional predictor. This suggests no notable change in model
discrimination, calibration or overall fit — the model still predicted age-
18 MDD better than chance and had a high degree of calibration.

NRI analyses (Table 2) revealed a higher total number of correct
predictions by the models with air pollution exposure compared to the
original model without air pollution. This improvement was due to the
increased number of correctly identified non-cases (increased speci-
ficity). By contrast, the number of correctly identified MDD cases was
lower among the models with air pollution included compared to the



R.M. Latham et al.

>
&

39.85

N
(=1

)
W

28.50

3

12.77

3

N W
[ )

21.87
2

11.85

9.22
10
8 I
1 2

[\
S

13.98

1

—
w

Mean NO: concentration (ug/m?)
s

W

(=}

4

14.44

4

Quartile

o)
>

Mean PM, 5 concentration (pg/m?)

S N A~ O

Quartile

Journal of Psychiatric Research 138 (2021) 60-67

50,71

4

21.12

4

o~}
=N
S

w
(=}

37.67

27.14

2 3
16.59 17.83

2 3

Quartile

30

20 16.33
) l
0

1

25

Mean NOx concentration (pg/m?®)

Quartile

&)

20

14.36

10

5

0
1

Mean PM,, concentration (pg/m?)

Fig. 1. Estimated annual mean exposure at age 10 (in 2004) to ambient air pollutant concentrations (ug/m>) by quartile. Nitrogen dioxide (NO; Panel A), nitrogen
oxides (NOy; Panel B), particulate matter with aerodynamic diameter < 2.5 pm (PM, 5; Panel C) and <10 pm (PM;o; Panel D). Note. The black horizontal line denotes
the current World Health Organization (WHO) air quality guidelines (WHO, 2005; 40 pg/m3 for NO,, which is also a component of NOx and thus also used for this

pollutant; 10 pg/m® for PMy s; 20 pg/m® for PMj).

[\ N
(=} [

—
w

Prevalence of age-18 major depressive disorder, %

Lower
quartiles

NOx

Lower
quartiles

NO2

Highest
quartile

i

Highest
quartile

Lower Highest
quartiles quartile
PM> s

Lower Highest
quartiles quartile
PMio

Fig. 2. Prevalence of age-18 major depressive disorder diagnosis according to age-10 (in 2004) estimated annualised mean exposure to ambient air pollutants
dichotomised at the top quartile. Note. NO», = nitrogen dioxide, NOx = nitrogen oxides, PM, s = particulate matter with aerodynamic diameters of less than 2.5 pm,

PM; = particulate matter with aerodynamic diameters of less than 10 pm.

original model (reduced sensitivity). More specifically, NRI showed that
the inclusion of NOx exposure as a predictor in the risk prediction model
reduced the rate of false positives by 13%. That is, the proportion of
participants that were incorrectly identified as being at high risk for
adolescent MDD was substantially lower than the model without NOx.
However, the inclusion of NOx also reduced the rate of true positives by
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9%. That is, the proportion of participants that were correctly identified
as being at high risk for MDD was lower than the original model. This
trade-off therefore resulted in very minimal overall NRI when childhood
exposure to NOx was included in the model (Table 2). A similar pattern
was evident when PM, 5 exposure was included as a predictor (Table 2).
The false positive rate was reduced by 17%; however, the true positive
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rate was also reduced by a similar amount (14%). Thus, the overall NRI
was minimal. Finally, the inclusion of a predictor reflecting high levels
of exposure to NOx or PM, 5 reduced the false positive rate by 13% and
the true positive rate by 8% (Table 2). Therefore, the overall NRI was
minimal. Together these results show a trade-off between improved
model specificity and reduced model sensitivity when childhood air
pollution exposure is added as a predictor of adolescent MDD.

4. Discussion

We found that the odds of developing MDD at age 18 were elevated
for those with the highest level of annual exposure to NOx and PM5 5 at
age 10. However, inclusion of these ambient air pollution exposure es-
timates into the risk prediction model produced minimal overall
improvement since model specificity increased but model sensitivity
decreased. We discuss these results, note study strengths and limitations,
and propose directions for future research.

Our preliminary finding that exposure to high levels of NOx and
PM, 5 at age 10 was associated with greater odds of MDD at age 18
(though adjusted ORs fell below conventional levels of statistical sig-
nificance) adds to the growing literature suggesting a link between air
pollution and psychopathology (Klompmaker et al., 2019). Indeed, our
results are consistent with a recent meta-analysis of particulate matter
exposure which showed increased odds of depression following long
term (>6 months) exposure to PM; 5 but not PM; (Braithwaite et al.,
2019). We also advance the limited literature on childhood pollution
exposure and adolescent depression though more studies are needed to
draw firm conclusions. Consistent with previous pilot work in London
(Roberts et al., 2019), we find elevated odds for MDD at age 18 among
children exposed to higher levels of PM, 5 across additional rural and
urban areas of England and Wales. Although we did not replicate the
association with NO; exposure found in the London sample, we did find
that NOx — which is comprised of NO; and nitric oxide — was associated
with elevated rates of MDD at age 18. NOx is strongly associated with
road traffic emissions (National Atmospheric Emissions Inventory,
2019) therefore our finding of a link with adolescent MDD is consistent
with previous findings of an association between elemental carbon
attributable to traffic exposure during childhood and depressive symp-
toms at age 12 (Yolton et al., 2019). Together these findings suggest a
possible role for road traffic pollution exposure in the aetiology of
adolescent depression. Potential mechanisms through which childhood
air pollution exposure may increase risk for adolescent MDD include
increased inflammation (Block and Calderon-Garciduenas, 2009) and
altered gene regulation (Reuben et al., 2020).

The current study also contributes to the growing interest in multi-
variable risk prediction models in psychiatry in general (Bernardini
et al., 2017; Worthington et al., 2021; Meehan et al., 2020) and of
depressive disorders in particular (Brathwaite et al., 2021; Hafeman
etal., 2017; Rocha et al., 2021). Our findings showed that the depression
risk prediction model developed and applied to the UK context by Rocha
et al. (2021) was not substantially improved by the inclusion of esti-
mated childhood exposure to high levels of NOx or PM; 5. This may be
because the air pollution measures are a proxy for important factors — for
example, deprivation - that are already partially captured by the exist-
ing model predictors. The inclusion of childhood NOx or PMj 5 exposure
was better at improving model specificity than sensitivity. Ideally both
would be optimised, however the context in which the model is used
may influence whether greater sensitivity or specificity is preferred. For
example, if resources are limited or the intervention has potential side
effects, greater specificity may be preferable so that only those we are
confident are at high risk are targeted.

Taken together, our results suggest that whilst childhood air pollu-
tion exposure may be a risk factor for adolescent MDD at the average — or
group — level, it does not contribute much more to individual MDD risk
prediction than that already provided by the existing model predictors.
Risk factors other than childhood air pollution exposure may therefore
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be important for improving the prediction of MDD in UK adolescents.
Including other socio-environmental factors known to be associated
with depression such as stressful childhood experiences (Berg et al.,
2016) or poor quality parental relationships (Yap et al., 2014) may
improve the model’s ability to correctly identify adolescents at risk of
MDD. Furthermore, given that MDD does not result from
socio-environmental influences alone but also has a well-established
genetic component (Sullivan et al., 2000), adding a genetic predictor
(e.g. polygenic risk scores) to the model may be beneficial. The potential
utility of prediction models that combine both genetic and
socio-environmental risk has been recognised (Lewis and Vassos, 2020)
but little explored. This is a key avenue for future research, though it is
important to consider the availability of polygenic risk scores to clini-
cians and, thus, how feasible their inclusion would be in practice.

4.1. Strengths and limitations

Strengths of the study include our use of high-resolution air pollution
concentration exposure estimates combined with a richly phenotyped
UK population cohort; prospective longitudinal assessment of depressive
symptoms and covariates; clinical interview-based diagnosis of MDD;
and utilisation of a published depression risk prediction model. How-
ever, we also acknowledge limitations. First, childhood air pollution
exposure estimates were based only on children’s home addresses at one
time-point. Exposure estimates that include other locations where chil-
dren spend a large amount of time (e.g., school) or use of personal
monitoring devices with data collected over several points across
childhood would provide a more comprehensive account of childhood
air pollution exposure. Pre-natal air pollution exposure may also be
important to consider (Perera et al., 2012). Second, we were unable to
control for all confounds in our preliminary analyses. We do not have
measures of exposure to noise pollution from traffic or indoor air
pollution therefore exposure to noise, open fires, and parental smoking
were not controlled for. NOx and PM; 5 are both formed by motor ve-
hicles thereby implicating air pollution but potentially also noise
pollution from traffic. There has been some indication of cross-sectional
associations between traffic noise and depression in adults though a
recent meta-analysis concluded that the evidence was of very low
quality (Dzhambov and Lercher, 2019). Nonetheless, we were unable to
rule out the possibility that the association of NOx and PMj 5 with
adolescent MDD may be due to a link with traffic noise. Third, the
depression risk prediction model was developed to predict the risk of
age-18 MDD among adolescents with no previous evidence of depression
therefore participants with depressive symptoms prior to age 12 were
excluded. The timing of our air pollution measurement — at age 10 — may
therefore limit its ability to contribute to MDD risk prediction if this
pollution exposure is already impacting depression by age 12. Lastly, our
sample comprised twins and the extent to which findings from twins can
be generalised to non-twins is sometimes questioned. However, the
prevalence of mental health problems has been shown to be comparable
for twins and non-twins (Kendler et al., 1995) and the E-Risk sample is
representative of UK families in terms of geographic and socioeconomic
distribution (Odgers et al., 2012).

5. Conclusion

Childhood exposure to NOx and PMys5 was associated with the
development of MDD in late adolescence suggesting a potential role for
these ambient air pollutants in the aetiology of MDD. However, their
inclusion in an existing risk prediction model to identify individual UK
adolescents at high risk of future MDD onset improved model specificity
but not sensitivity. Future research should investigate whether the in-
clusion of genetic liability predictors alongside, and in interaction with,
the socio-environmental predictors currently included in the depression
risk prediction model improve its performance in the UK context.
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