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Supplementary Notes: Statistical Analysis
These notes are to be read in conjunction with the manuscript text on Statistical Analysis.
We assumed a linear relationship between exposure and outcome. We considered the shape that matters most is the
distribution of the outcome, which was assumed to be normal. Thus the most appropriate model strategy was the
‘linear’ model assumption. We assessed the shape of the distribution of outcome measure using exploratory data
analysis techniques (EDA) such as QQ-plots and concluded that the ‘normal’ model was appropriate to describe the
probability distribution of FEV1 and PEF. The “linearity” assumption was determined using a combination of
previous peered review publications for the same outcome and similar covariates and post modeling test of the linear
assumption customary for these type of analysis.
To adjust for the repeated samples design, generalised estimating equations (GEE) were used to assess the pollutionlung function associations. This approach was driven by our interest in robust estimates of fixed effects of exposures.
The model accounted for both clustering of repeated measures within children, and clustering of children within
schools/geographic locations. When modelling ‘estimating effects” accounting for the different nature of clustering,
GEE models tend to be the most appropriate models. In these circumstances the choice of the correlation structure is a
key feature of the modelling procedure. In our case and recognizing the time/space clustering of the data we chose the
‘compound symmetry’ structure that allowed us to estimate fewer parameters, yet still account for the clustering of the
data. In addition, we used the empirical estimates that provided robust estimates of the standard error in the event that
the correlation structure did not fit exactly across all children nested within location.
The behaviour of GEEs are asymptotic in m and therefore the larger the sample, the better performing. A moderate
sample size is m=50 (Teerenstra et. al., 2010), while m=200 will probably be large enough for approximately
symmetric data, while m=10 will be too small to really trust asymptotics. Hox (1998) suggests the number of groups
to be m≥50 , and group sizes, n/m≥20 , for asymptotics of the mixed models (which social scientists call multilevel
models) to work well. Maas and Hox (2005) updated these recommendations and studied smaller m down to m=10.
The interpretation of GEE point estimates of effect in the DLM models are explained below, using our own modeling
strategy, used in the analysis of the pulmonary outcome.
A) Single pollutant-single lag models, using lag 1, 2 3 and 5 days average of the exposure concentration each model
can be written as:
FEV1=β0 + β1 lag1(Conc)+β2 COV1+ …..+ βn COVn-2
FEV1=β0 + β1 lag2(Conc)+β2 COV1+ …..+ βn COVn-2
FEV1=β0 + β1 lag3(Conc)+β2 COV1+ …..+ βn COVn-2
FEV1=β0 + β1 5days(Conc)+β2 COV1+ …..+ βn COVn-2
In each of these models β1 is interpreted as ‘average’ effect of and interquartile range increase of exposure
concentration 1,2, 3 days and the cumulative of 5 days before on FEV1.
B) Finite Distributed lag models: A distributed-lag model is a dynamic model in which the effect of an exposure
concentration Con on pulmonary measure occurs over time rather than all at once. The models considered in
our analysis can be written as
FEV1=β0 + β1 lag1(Conc)+ β2 lag2(Conc)+ β3 lag3(Conc)+ β4 lag4(Conc)+ β5 lag5(Conc)
+β6 COV1+ …..+ βn COVn-2
The individual coefficients β1 , β2 , β3 , β4 , β5 are called lag weights and collectively comprise the lag distribution.
They define the pattern of how exposure concentration affects FEV1 over time. Finite distributed lag models are
the most suitable to estimating dynamic relationships when lag weights decline quickly, not highly correlated and
when the sample is long relative to the length of the lag distribution.
In this model β1 , β2 , β3 , β4 , β5 is straight forward as ‘average’ effect of and interquartile range increase of exposure
concentration 1,2, 3 , 4 and 5 days before on FEV1.
Our regression models were modified to test for effect modification of AHR (marked or probable (AHR+) vs possible
or none (AHR-)), asthma severity (persistent vs. not persistent (i.e., either mild intermittent or no asthma)) and
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location of child’s school (north versus south), through the inclusion of an interaction term. For example, the model to
estimate the main effects of living in the ‘South” was
𝑦𝑦 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁ℎ + 𝛽𝛽2 ∗ 𝐸𝐸𝐸𝐸𝐸𝐸𝑁𝑁𝐸𝐸𝐸𝐸𝑁𝑁𝐸𝐸 + 𝛽𝛽3 ∗ 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁ℎ ∗ 𝐸𝐸𝐸𝐸𝐸𝐸𝑁𝑁𝐸𝐸𝐸𝐸𝑁𝑁𝐸𝐸 + 𝐶𝐶𝑁𝑁𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶𝐶𝐶𝑁𝑁𝐸𝐸𝐸𝐸 …

In this model the parameter of interest is 𝛽𝛽2 , which was interpreted as the effect of exposure on the “South” when
“North”=0. In this setting the interaction term no longer is relevant. The strength of the interaction is provided by the
significance of the 𝛽𝛽2 parameter estimate.

Supplementary Notes: Multiple Imputation Approach

Multiple imputation (MI) methods were used to impute missing values of the conventional pollutants, i.e., NO, NO2,
PM10 and SO2. These methods, first proposed by Rubin (1987), have been shown to yield valid statistical inferences
and are increasingly used in epidemiology and other applications, e.g., predicting missing values of criteria air
pollutants (Junninen 2004) and predicting both missing and censored values of Arctic pollutants (Hopke et al. 2001).
We completed an extensive review and evaluation of possible MI approaches to arrive at the methods described
below. In brief, each missing value was replaced with a vector of m≥2 plausible values resulting m datasets, each of
which is subsequently analysed using standard complete-data software to yield “complete-data” statistics (Rubin
1996). This MI procedure is derived from a Bayesian perspective in which m independent random draws are taken
from the posterior predictive distribution, derived under appropriate modeling assumptions (Barnard 2001; Rubin
1987). Schafer (1998) has shown that m=5 provide an efficiency of 94% for MI estimation when up to 30% of the
data is missing. We are testing the use of this procedure as well as much higher values of m, as well as comparing
results using only actual data (with missing values deleted). (MI procedures will not be used for the toxics data used
in the health risk assessment; its use is limited to the epidemiological study.)
MI was performed for each pollutant and site independently. The main steps to imputation, performed using SAS
ver.9 and Microsoft Excel, are summarised. PROC MI in SAS, a Markov Chain Monte Carlo (MCMC) method with
multiple chain option, was used (SAS/STAT 9.1 user’s guide). The MCMC method assumes multivariate normality
when imputing all missing values or just enough missing values to make the imputed data sets appear as a monotone
missing pattern. The multiple chain option used a separate chain for each imputation. A dataset containing numerous
possible predictor variables was constructed. It included meteorological variables, e.g., barometric pressure, daily rain
fall, relative humidity, temperature, vertical temperature difference (delta T), wind direction by sector (8 total), and
wind speed, as well as pollutant variables at all available sites for the same type of pollutant being imputed, e.g., SO2
was imputed using observations at the 7 school sites as well as observations at 8 other sites. The predictor variable
data set was augmented by defining leading and lagging variables (+/- 1 day).
A collinearity analysis was used to confirm the selection of possible predictor variables, e.g., highly correlated
meteorological variables were eliminated. PROC REG procedure with the COLLINOINT option in SAS/STAT
software, a condition index with intercept adjustment, was used (SAS/STAT 9.1 user’s guide).
Because the model selection procedure is sensitive to statistical outliers, possible outliers in the pollutant data were
removed. Outliers were detected in part by fitting three types of distributions (lognormal, gamma, and Weibull) to
pollutants for all 4 intensives with and without 4 weeks window. Few outliers were detected, specifically: (1) NO
within the intensive periods at both sites 12 and 13 (24.5.04) and NO outside the intensive periods at site 14 (4.5.04)
and site 22 (10.7.04, 21.7.04, 23.7.04, 28.7.04), (2) SO2 outside the intensive periods at site 1 (8.10.04), site 4
(14.8.04), and site 15 (22.7.04). Four MI models were constructed for each pollutant/site: using only
contemporaneous data; contemporaneous plus lags; contemporaneous plus leads; and contemporaneous plus lags and
leads. For each models, predictor variables were initially selected using GLMSELECT procedure, a new procedure in
SAS/STAT software that performs model selection in the framework of general linear models (Cohen, SAS Institute
Inc.). Ideally, predictor variables should be selected from a priori information; however, many variables tend to be
collinear as well as being collected at many sites. A forward stepwise procedure was used, and the optimal models
were selected based on examining 3 different model selection criteria: (1) the Akaike Information Criterion (AIC), (2)
the Corrected Akaike Information Criterion (AICC), and (3) Schwarz Bayesian Information Criterion (SBC). Average
square errors were also examined to minimize overfitting. To increase the number of observations and robustness of
the model, we utilised 2 and 4 week periods both before and after the intensive periods.
MI model performance was evaluated by randomly deleting 25% of the data, and then simulating the missing data.
This was done across all 4 intensive periods. Model performance was evaluated using Willmott’s index of agreement
(d2), coefficient of determination (R2), the mean absolute error (MAE), distribution analyses (percentiles and
boxplots), and scatter plots. Among these indicators, d2 is the most robust indicator model performance evaluation
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due to its accountability for outliers (Willmott, 1982). The interpretation of d2 is similar to R2 with 1 as a perfect fit.
Typically 5 – 15 predictor variables were included in the selected models. These were examined individually with the
goal of developing parsimonious and robust models, and also representing information regarding pollutant dispersion
in the area. For example, the number of monitoring sites where a pollutant was monitored was limited to 4. Often,
variables were eliminated from the models and the model performance was determined again (as described above).
The MI procedure occasionally obtained negative values. These events are most likely to occur when the minimum of
observed values are small (≈0), have very large variance (standard deviation > mean), or when the model specification
appeared over determined. Additionally, small negative values are reasonable for SO2 given instrument error, but in
contrast, PM10 concentrations below 10 μg/m3 are highly unlikely. Negative values were observed for NO2 (site 7
and 23), NO (sites 5, 7, 14, and 23), SO2 (sites 1-8), PM10 (sites 6 and 8). Since negative values are not physically
plausible, we used cut-off points for each pollutant, e.g., -2 ppm for SO2 and 10 μg/m3 for PM10, with ad-hoc
replacement imputation using the cut-off concentration.
Extensive characterisations of MI performance were completed for the conventional pollutants. In brief, models were
most robust for PM10 then NO2 and NO. With the exception of NO at site 5, the values obtained for d2 are greater
than 0.80 (these values roughly correspond to R2 from 0.5 to 0.8). Model performance decreased, depending on site,
for SO2, e.g., but values of d2 generally exceeded 0.65.
After optimizing and evaluating performance, m = 5 values were generated for each pollutant and site for use in the
health model.

Supplementary Notes: Questionnaire responses used to categorise Asthma Severity
I.

A child will be considered to have probable (or known) asthma (of any severity) if any of the following
are true
a)
three or more of the six non-exercise related symptoms were reported (at any level of frequency
greater than “never”)
b)
Either of two exercise symptoms was reported with a frequency of 3 times or more in the past year.
c)
There is a diagnosis of asthma (i.e. “asthma”, “reactive airway disease”, and/or “asthmatic
bronchitis” as diagnosed by a doctor were checked with any symptoms (cough, phlegm,
breathlessness, wheezing, hospitalization for respiratory illness) or doctor-prescribed medication
use in the past year
N:B
The classification in I shows all those that have asthma irrespective of the severity. The 3
classifications below are splits from I by the severity of asthma.

II.

A child will be considered to have probable (or known) moderate to severe asthma if firstly, the child
meets the diagnostic criteria for asthma above (I), and , secondly, any of the following are true:
a)
any of the seven daytime symptom questions is reported as being present “everyday”.
b)
Sleep disturbance is reported “more than one time per week” or “most nights”.
c)
Daily use of doctor-prescribed medicine with any daytime symptoms reported as being present
“more than two times per week”

III.

A child will be considered to have probable (or known) mild persistent asthma (of any severity) if, firstly,
the child meets the diagnostic criteria for asthma above (I), secondly, the criteria for probable or known
moderate to severe asthma are not met, and, thirdly, any of the following are true:
a)
one or more daytime symptoms are reported as being present “more than 2 times per week”
b)
sleep disturbance is reported “more than 2 times per month”
c)
dialy use of doctor-prescribed medicine (i.e. “yes” on question S32)

IV.

A child will be considered to have probable (or known) mild intermittent asthma if, firstly, the child
meets the diagnostic criteria for asthma above (I), and secondly, neither the criteria for probable or known
moderate to severe asthma (II) nor the criteria for probable or known mild intermittent asthma (III) are met.

Mentz G, et al. Thorax 2019; 0:1055–1062. doi: 10.1136/thoraxjnl-2017-211458

Supplementary material

Thorax

Mentz G, et al. Thorax 2019; 0:1055–1062. doi: 10.1136/thoraxjnl-2017-211458

Supplementary material

Thorax

Mentz G, et al. Thorax 2019; 0:1055–1062. doi: 10.1136/thoraxjnl-2017-211458

Supplementary material

Thorax

Mentz G, et al. Thorax 2019; 0:1055–1062. doi: 10.1136/thoraxjnl-2017-211458

Supplementary material

Thorax

Table S1. Geographic averages for the criteria pollutants measured in the study

a

3

Particulate matter (PM 10) (mean (ug/m ))
SD
95%CI of the mean

51.8

47.7

0.005

27.2

30.1
29.7

12.1-182.8

6.1-162.4

95%CI of the mean
IQR
range
Nitrogen Dioxideb (mean (ppb))
SD

8.7

1.9

7.4

1.6

(8.6-8.8)

(1.9-1.9)

8.1

2.1

0-50.5

0-9.47

17.2

10.9

8.8

6.2

<0.001

<0.001

(17.1-17.3) (10.7-11.1)

IQR
range
Nitrogen Oxideb (mean (ppb))
SD
95%CI of the mean

p-value

29.4

Sulphur Dioxideb (mean (ppb))
SD

95%CI of the mean

North

(51.5-52.1) (44.7-50.7)

IQR
range

South

8.2

9.8

3.7-63.8

0-47.5

40.9

22.1

30.5

22.2

<0.001

(40.6.41.2) (21.9.22.3)

IQR
range

29.7

24.7

3.2-192.2

0-115.7

a: Significant South vs North mean difference 0.001<p-value <0.05
b: Significant South vs North mean difference p-value <0.001
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Table S2. Change in FEV1 and its 95% CI associated with one interquartile range increase ambient levels of
NO2 and NO from single pollutant linear regression models, as reflected graphically in Figures 3 and 4
NO2

NO

Outcome

Exposure

Estimate

CI

p_value

Estimate

CI

p_value

Full Cohort

Lag1
Lag 2
Lag 3
5 days*

-0,016
-0,018
-0,013
-0,032

(-0.028,-0.004)
(-0.028,-0.007)
(-0.023,-0.003)
(-0.055,-0.009)

0,007
0,002
0,011
0,007

-0,018
-0,023
-0,014
-0,060

(-0.028,-0.009)
(-0.032,-0.014)
(-0.022,-0.006)
(-0.087,-0.033)

0,000
0,000
0,001
0,000

Persistent Asthmatics

Lag1
Lag 2
Lag 3
5 days

-0,022
-0,020
-0,016
-0,034

(-0.056,0.012)
(-0.052,0.012)
(-0.045,0.013)
(-0.080,0.012)

0,199
0,225
0,281
0,150

-0,026
-0,034
-0,017
-0,068

(-0.060,0.008)
(-0.068,0.001)
(-0.046,0.012)
(-0.123,-0.013)

0,128
0,057
0,243
0,016

Non Persistent Asthmatics

Lag1
Lag 2
Lag 3
5 days

-0,015
-0,017
-0,012
-0,031

(-0.029,-0.001)
(-0.030,-0.004)
(-0.024,-0.001)
(-0.055,-0.008)

0,032
0,009
0,030
0,010

-0,017
-0,021
-0,013
-0,058

(-0.028,-0.006)
(-0.032,-0.01)
(-0.024,-0.003)
(-0.086,-0.030)

0,003
0,000
0,014
0,000

South

Lag1
Lag 2
Lag 3
5 days

-0,028
-0,029
-0,025
-0,057

(-0.047,-0.010)
(-0.048,-0.011)
(-0.043,-0.008)
(-0.090,-0.024)

0,003
0,002
0,004
0,001

-0,030
-0,033
-0,022
-0,065

(-0.052,-0.008)
(-0.054,-0.011)
(-0.04,-0.005)
(-0.098,-0.031)

0,008
0,003
0,012
0,000

North

Lag1
Lag 2
Lag 3
5 days

-0,011
-0,011
-0,007
-0,027

(-0.029,0.008)
(-0.028,0.006)
(-0.021,0.008)
(-0.052,-0.002)

0,259
0,193
0,365
0,035

-0,013
-0,016
-0,005
-0,050

(-0.027,-0.00)
(-0.031,-0.001)
(-0.021,0.010)
(-0.087,-0.013)

0,047
0,035
0,517
0,008

Airways Hyperresponsiveness

Lag1
Lag 2
Lag 3
5 days

-0,032
-0,028
-0,025
-0,049

(-0.064,0.000)
(-0.059,0.002)
(-0.053,0.003)
(-0.093,-0.004)

0,051
0,070
0,076
0,032

-0,036
-0,042
-0,030
-0,090

(-0.064,-0.009)
(-0.071,-0.014)
(-0.055,-0.005)
(-0.141,-0.040)

0,010
0,004
0,017
0,000

-0,019
-0,016
-0,012
-0,033

(-0.034,-0.005)
(-0.030,-0.003)
(-0.024,-0.001)
(-0.056,-0.009)

0,009
0,015
0,040
0,007

-0,021
-0,021
-0,010
-0,064

(-0.034,-0.008)
(-0.034,-0.009)
(-0.021,0.001)
(-0.098,-0.03)

0,001
0,001
0,081
0,000

No Airways
Hyperresponsiveness

Lag1
Lag 2
Lag 3
5 days

* an average of the preceding five days
Bold text denotes confidence interval not including point of no effect and p-value<0.05
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