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Abstract
Background: Estimation of power to assess associations of interest can be challenging for time-series studies of the
acute health effects of air pollution because there are two dimensions of sample size (time-series length and daily
outcome counts), and because these studies often use generalized linear models to control for complex patterns
of covariation between pollutants and time trends, meteorology and possibly other pollutants. In general, statistical
software packages for power estimation rely on simplifying assumptions that may not adequately capture this
complexity. Here we examine the impact of various factors affecting power using simulations, with comparison
of power estimates obtained from simulations with those obtained using statistical software.
Methods: Power was estimated for various analyses within a time-series study of air pollution and emergency
department visits using simulations for specified scenarios. Mean daily emergency department visit counts,
model parameter value estimates and daily values for air pollution and meteorological variables from actual data
(8/1/98 to 7/31/99 in Atlanta) were used to generate simulated daily outcome counts with specified temporal
associations with air pollutants and randomly generated error based on a Poisson distribution. Power was
estimated by conducting analyses of the association between simulated daily outcome counts and air pollution
in 2000 data sets for each scenario. Power estimates from simulations and statistical software (G*Power and PASS)
were compared.
Results: In the simulation results, increasing time-series length and average daily outcome counts both increased
power to a similar extent. Our results also illustrate the low power that can result from using outcomes with low
daily counts or short time series, and the reduction in power that can accompany use of multipollutant models.
Power estimates obtained using standard statistical software were very similar to those from the simulations when
properly implemented; implementation, however, was not straightforward.
Conclusions: These analyses demonstrate the similar impact on power of increasing time-series length versus
increasing daily outcome counts, which has not previously been reported. Implementation of power software for
these studies is discussed and guidance is provided.
Keywords: Statistical power, Time-series studies, Air pollution epidemiology

Background
In a given study, the power of a particular analysis is the
probability of identifying a statistically significant association if a non-random association truly exists. Given a
specified type 1 error probability, power depends on several factors including study design, the distribution of
the outcome and type of analytical model, sample size,
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the strength of the effect of interest, the distribution of
the exposure, and covariation between exposure and its
covariates [1,2]. When planning a study, researchers
need to ensure that the study can be expected to have
adequate power for the questions of interest.
Ensuring sufficient power can be a challenge in timeseries studies of the acute health effects of air pollution.
The complex relationships between pollutants and the
many other factors (e.g., temporal trends and meteorology) impacting the acute health outcomes of interest
in these studies lead to the need for complex modeling
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for control of confounding and assessment of interactions
[3]. In these models, there is often a high degree of covariation among pollutants, and between pollutants and
other model variables [4,5], which typically diminishes
effect estimate precision and decreases power to identify
air pollutant effects [6]. In addition, air pollution health
effects over short time intervals are often small; lower
effect sizes also decrease power. A characteristic of these
studies that distinguishes them from many other types
of studies with regard to power is that there are two
dimensions of sample size (time-series length and the
magnitude of the daily outcome counts) which both impact power, but not necessarily in the same way. For an
extreme illustration, compare a 5000-day time series
with a mean of 2 events per day to a 2-day time series
with a mean of 5000 events per day. Both studies have a
total of 10,000 events but they are allocated over a different length of time. While most studies have less extreme study design options than these, the relative
impact of the two aspects of sample size on study power
is not necessarily apparent and has implications for
study design decisions.
Estimating power when designing time-series studies
of the acute health effects of air pollution can also be
particularly challenging. While methods for sample size
calculation for studies using multivariate generalized
linear models have been developed [2,7,8] and statistical
software packages are available for estimating power for
such studies (ex. G*Power [1,9] (which is publicly available at no cost), and PASS [10,11]), these calculations
generally rely on simplifying assumptions that may not
be valid in a given study, and require specification of
parameters that may be difficult to estimate based on
available information.
Here we use simulations to estimate power for specific
analyses within an air pollution time-series study using
observed data from Atlanta, Georgia, and illustrate the
impact of various study design factors on study power.
Of particular interest was comparing the relative impact
of the two dimensions of sample size on power for

analyses in these studies. We also compare the power
estimates obtained using simulations with those obtained
using statistical software, using the simulations as the
gold standard.

Methods
General approach

Power was estimated for a time-series study of acute air
pollution health effects. Data on daily emergency department (ED) visit counts from 18 hospitals and daily
values for air pollution and meteorological variables for
the 8/1/98 to 7/31/99 time period in Atlanta [12] were
used to generate simulated data sets with specified temporal associations between daily outcome counts and air
pollutants. Power calculations were conducted for scenarios chosen to represent a range of pollutant-outcome
combinations of interest, various magnitudes of effect,
and various time-series lengths and mean daily outcome
counts.
Observed data

The pollutants considered in the scenarios included a
commonly examined air pollutant (24-h average fine
particulate matter, PM2.5), a less commonly considered
pollutant with sporadic spikes in levels (24-h average
total water-soluble PM2.5 metals), and pollutants that are
correlated over time [carbon monoxide (CO, daily 1-h
maximum) and elemental carbon (EC, 24-h average)].
The distributions of daily measurements of these pollutants in the observed Atlanta data are described in
Table 1. The ED visit outcomes for which data were
simulated were cardiovascular outcomes of common
interest in time-series studies of air pollution health
effects, and included a cardiovascular disease grouping
(CVD, ICD-9 codes 402,410-414,427,428,433-437,440,
443,444,451-453), dysrhythmia (ICD-9 code 427), and
cardiac arrest (CA, ICD-9 code 427.5). The average daily
counts for these outcomes in the observed data were
42.9 for CVD, 10.7 for dysrhythmia, and 3.1 for CA.

Table 1 Overall average pollutant levels for pollutants considered in power simulations, Atlanta, 8/1/98-7/31/99
Pollutant
PM2.5 (μg/m3), 24-h average

Median
75th
Maximum Skewness* Number of days missing for
Mean Standard
25th
Percentile
moving average of lags 0-2
Deviation Percentile
19.42

9.35

12.50

17.54

24.76

53.24

1.00

31

Total water- soluble PM2.5 metals
(μg/m3), 24-h average

0.03

0.03

0.01

0.02

0.04

0.20

2.07

58

Elemental carbon (EC) (μg/m3), 24-h
average

2.26

1.74

1.26

1.88

2.60

15.61

2.83

22

Carbon monoxide (CO) (ppmV), daily
1-h maximum

1.47

1.30

0.60

0.98

1.81

9.42

2.27

44

P
3=2
xw 3
*Skewness was calculated using SAS version 9.2 with the formula: “ðn1Þnðn2Þ ni¼1 wi ðxi 
sw Þ where n is the number of non-missing values for a variable, xi is the
ith value of the variable, x w is the sample average, s is the sample standard deviation, and wi=1 for all i=1,. . .,n“ [25].
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Scenarios

In Scenario Set 1, we examined the relative impact on
power of increasing or decreasing the number of ED
visits per day (e.g., to reflect the impact of altering the
number of hospitals providing ED visit data for the
study, or conducting the study in a location with a larger
or smaller population) and increasing the length of the
time series. For this scenario set, we simulated daily
counts for the CVD, dysrhythmia, and CA outcomes in
relation to PM2.5, with the risk ratio (RR) being based on
analysis of the observed data (CVD: RR = 1.024 per
10 μg/m3, dysrhythmia: RR = 1.026 per 10 μg/m3, CA:
RR = 1.104 per 10 μg/m3). Calculated predicted daily
counts were multiplied by 0.5, 1, 2, 3, 4, or 5 (to represent various degrees of reduction or expansion of the
number of hospitals or the population in the study);
and time-series lengths of 1, 2, 3 and 4 years were
considered.
In Scenario Set 2, we examined the impact on power
of varying the true underlying RR. For this scenario set,
we simulated daily counts for the CVD and dysrhythmia
outcomes in relation to total water-soluble PM2.5 metals.
Total water-soluble PM2.5 metals serves as an example
of a pollutant for which there is little prior information
about the expected RR. We selected RR estimates of
1.03, 1.05 and 1.07 (per standard deviation increase in
water soluble metals- 0.03 μg/m3) for this scenario set
(reflecting preliminary results for the association between total water-soluble PM2.5 metals and dysrhythmia,
and uncertainty about the true RR). The time-series
length was one year. Calculated predicted daily counts
were doubled to more closely reflect the mean daily
counts after a planned expansion of the number of hospitals providing ED data for the Atlanta study.
In Scenario Set 3, we compared the power for analyses
that did or did not control for covarying pollutants. For
this scenario set we simulated data for the CVD and dysrhythmia outcomes in relation to both CO and EC. Both
of these pollutants were found to be associated with
these outcomes in single-pollutant models in prior analyses [12] and in current analyses of our observed data
when using a data set with the same days with missing
values for EC and CO (CVD-CO: RR per 1 ppmV = 1.039,
p = 0.0007; CVD-EC: RR per 2 μg/m3 = 1.052, p = 0.0088;
dysrhythmia-CO: RR per 1 ppmV = 1.067, p = 0.0037;
dysrhythmia-EC: RR per 2 μg/m3 = 1.106, p = 0.0097).
Since CO and EC are correlated (Spearman correlation
coefficient = 0.6), it was of interest to assess possible confounding of each pollutant’s effect by the other pollutant
in two-pollutant models. In two-pollutant models using
the observed data, the risk ratios for CVD were 1.032
per 1 ppmV for CO (p = 0.0207) and 1.022 per 2 μg/m3
for EC (p = 0.3432), and the risk ratios for dysrhythmia
were 1.049 per 1 ppmV for CO (p = 0.0774) and 1.058
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per 2 μg/m3 for EC (p = 0.2265). We compared power
estimates for each pollutant for analyses using single pollutant and two-pollutant models, using the risk ratios
from the single and two-pollutant models for the
observed data. Calculated predicted daily counts were
again doubled, and time-series lengths of 1, 2, 3, and
4 years were considered.
Epidemiologic models

The power analyses were designed for Poisson generalized linear models that allowed for overdispersion and
controlled for temperature [cubic spline, with knots at
the 25th and 75th percentiles (12.22°C and 23.89°C), for
the moving average (lags 0–2) of the daily average
temperature], dew point [cubic spline, with knots at the
25th and 75th percentiles (4.33°C and 18.28°C), for the
moving average (lags 0–2) of daily average dew point],
day of week and periods of hospital participation (indicator variables), and underlying time trends (cubic spline
for time with seasonal knots for four seasons). After
accounting for time trends, it was determined that it was
not necessary to account for autocorrelation in the outcome data. Pollutants were included in the models as
the moving average of lags 0–2, and risk ratios were calculated per approximate standard deviation increase in
pollutant levels.
Power calculations using simulations

Simulated daily outcome counts were generated for
each scenario with average daily counts corresponding
to those in the one year of observed data; with the specified temporal associations with air pollutants; and with
associations with variables relating to time and meteorology (and other pollutants in two-pollutant models)
that reflected the associations in the one year of observed data. First, predicted mean daily outcome counts
(expected counts) were calculated for each day, using
models as specified above, as a function of daily
observed values for the variables in the model and the
estimated or a priori parameter value for each variable.
The parameter values for pollutants were either specified a priori (in Scenario Set 2) or estimated from the
observed data using models as specified above (in Scenario Sets 1 and 3). Parameter values for other variables
in the model (time and meteorology variables) were
estimated from the observed data using models as specified above, except that models for generation of parameter estimates for Scenario Set 2 (which had a priori
specification of pollutant risk ratios) did not include the
pollution variable. The calculated daily expected counts
were scaled to have the same mean as in our observed
data for Atlanta during 8/1/98-7/31/99. For some scenarios, these expected counts were multiplied by factors
of 0.5, 1, 2, 3, 4, or 5 to reflect the potential impact of
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increasing or decreasing the number of hospitals reporting ED data for the study or the population size. For
scenarios estimating the effect of using time series more
than 1 year in length, the observed daily values for all
variables in the model (including variables for time
trends), and the expected daily outcome counts were
repeated for subsequent years. Once data sets with appropriately scaled expected daily outcome counts and
the appropriate time-series length had been generated,
2000 data sets were created for each scenario. Simulated
daily outcome counts in these data sets were generated
based on a Poisson distribution with the daily mean
being the scaled daily expected outcome counts. Analytic models, as specified above, were then run on each
of the 2000 simulated data sets for each scenario. Power
was calculated as the percentage of the data sets for
each scenario that showed a statistically significant association between the pollutant and the simulated daily
outcome counts, using a significance level of 0.05. All
simulations and analyses of simulated data were conducted using SAS version 9.2 (SAS Institute, Inc., Cary,
North Carolina, USA).
Power calculations using statistical software

Power was also estimated for each scenario using the
algorithms for estimation of power for multivariate
Poisson generalized linear models in G*Power [1,9] and
PASS [10,11] software. For G*Power, estimates using the
enumeration procedure of Lyles, et al. [7] are reported.
The algorithms in these software packages require specification of the base rate (“Exp(β0)”), the risk ratio, the
proportion of the variance of the pollution variable
explained by other variables in the model (“R-squared
other X”), the distribution of the predictor variable (“distribution of X1”), the sample size, the mean exposure
period, alpha, and the number of tails [1,9,11].
Both software packages ask the user to supply the
“base rate” (Exp(β0)). The G*Power instructions explain
Exp(β0) as “the mean event rate assumed under H0.” [9]
The PASS instructions explain Exp(β0) as, “the response
rate that occurs when all covariates are equal to zero.”
[11] Interpretation of these instructions is not straightforward. Since the intercept (β0) depends on the coding
of the variables in the model, it is not clear what to enter
for Exp(β0). It is theoretically possible to estimate the
expected daily rate under the null hypothesis of no effect
of air pollution based on the observed risk ratio,
observed mean daily counts, and pollutant levels. However, in our data, this estimation procedure yielded
counts differing little from the observed mean daily
counts because risk ratios are close to the null (data not
shown). We considered two other methods for calculating Exp(β0), including exponentiation of the intercept
from the models and use of the observed mean daily
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count. Each method produced different power estimates.
Ultimately, we chose the observed mean daily count as
our best estimate of Exp(β0), because it led to power
estimates that were closest to those from the simulations. The risk ratio was as specified in each scenario.
“R-squared other X” was obtained from linear regression models that regressed the air pollution variable on
the other variables in the analytic model. Due to the limited number of options available for the distribution of
X1, a normal distribution was assumed for all pollutants,
with the mean and variance estimated from the observed
data. The sample size was the number of days in the
time series in each scenario (accounting for the number
of days with missing pollutant values in the actual data
set for comparability with simulations), and the mean
exposure period was 1 day. All calculations were twotailed with alpha = 0.05.

Results
The power estimates from the simulations for the various scenarios are shown in Table 2 and Figures 1, 2 and
3. In scenario set 1, increasing the time-series length and
increasing the average number of visits per day both
increased power, with both having a similar impact on
power (Figure 1). For example for the CVD outcome,
compared with the scenario with a time-series length of
1 year and the original, unamplified mean daily visits
(mean daily count = 42.9, power = 0.29), the scenario that
tripled the time-series length but kept the original mean
daily counts increased power to 0.70, and the scenario
that tripled the mean daily counts but kept the timeseries length at 1 year increased power to 0.70 as well.
In scenario set 1, power was estimated to be very low
(e.g. <0.31 for dysrhythmia) when using outcomes with
very low daily counts (such as dysrhythmia with a mean
of 5.4-10.7 visits per day, or cardiac arrest with a mean
of 1.6-3.1 visits per day), even when using time series as
long as 4 years for dysrhythmia. Power was somewhat
better with low counts for cardiac arrest than for dysrhythmia at similar mean daily counts due to the high
risk ratio for the cardiac arrest-PM2.5 association in our
data set.
In scenario set 2, as expected, for each outcome,
power increased as the specified risk ratio increased
(Figure 2). The power also differed by outcome, largely
due to differences in mean daily counts.
In scenario set 3, power for both EC and CO was substantially lower in the two-pollutant models than in the
single pollutant models (Figure 3), with the power consistently greater for CO than for EC. The difference in
power between the pollutants in the two-pollutant
models decreased with increasing time-series length.
Power estimates obtained using G*Power software are
also shown in Table 2. Results obtained using PASS
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Table 2 Power estimates for time-series models of air pollution under various scenarios

Scenario Set 1

Outcome

Pollutant(s) in model

Specified Risk Ratio

Series
Length

Mean daily
visits

CVD

PM2.5

1.024 per 10 μg/m3

1 year

21.5

2 years

3 years

4 years

Dysrhythmia

PM2.5

1.026 per 10 μg/m3

1 year

2 years

3 years

4 years

Power from
simulations
0.17

G*Power
Estimates†
0.16

42.9

0.29

0.28

85.8

0.53

0.49

128.7

0.70

0.66

171.6

0.81

0.78

214.5

0.88

0.86

21.5

0.28

0.28

42.9

0.50

0.49

85.8

0.82

0.78

128.7

0.94

0.92

171.6

0.98

0.97

214.5

0.99

0.99

21.5

0.41

0.39

42.9

0.70

0.66

85.8

0.93

0.92

128.7

0.99

0.98

171.6

1.00

1.00

214.5

1.00

1.00

21.5

0.52

0.50

42.9

0.81

0.79

85.8

0.98

0.97

128.7

1.00

1.00

171.6

1.00

1.00

214.5

1.00

1.00

5.4

0.07

0.08

10.7

0.11

0.11

21.4

0.19

0.18

32.1

0.25

0.25

42.8

0.31

0.31

53.5

0.38

0.38

5.4

0.11

0.12

10.7

0.19

0.18

21.4

0.32

0.32

32.1

0.43

0.45

42.8

0.54

0.56

53.5

0.63

0.65

5.4

0.13

0.15

10.7

0.25

0.25

21.4

0.44

0.45

32.1

0.60

0.61

42.8

0.73

0.73

53.5

0.82

0.82

5.4

0.16

0.19
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Table 2 Power estimates for time-series models of air pollution under various scenarios (Continued)

Cardiac Arrest

PM2.5

1.104 per 10 μg/m3

1 year

2 years

3 years

4 years

Scenario Set 2

CVD

Total water- soluble
PM2.5 metals

10.7

0.31

0.32

21.4

0.56

0.56

32.1

0.72

0.73

42.8

0.83

0.85

53.5

0.91

0.92

1.6

0.18

0.22

3.1

0.32

0.38

6.2

0.58

0.64

9.3

0.75

0.81

12.4

0.87

0.91

15.5

0.93

0.96

1.6

0.32

0.39

3.1

0.57

0.65

6.2

0.85

0.91

9.3

0.96

0.98

12.4

1.00

1.00

15.5

1.00

1.00

1.6

0.45

0.54

3.1

0.75

0.82

6.2

0.96

0.98

9.3

1.00

1.00

12.4

1.00

1.00

15.5

1.00

1.00

1.6

0.56

0.67

3.1

0.86

0.91

6.2

0.99

1.00

9.3

1.00

1.00

12.4

1.00

1.00

15.5

1.00

1.00

85.8

0.77

0.72

3

1.05 per 0.03 μg/m

0.99

0.99

1.07 per 0.03 μg/m3

1.00

1.00

0.97

0.95

1.00

1.00

1.03 per 0.03 μg/m3

1 year

1.03 per 0.03 μg/m

3

2 years

1.05 per 0.03 μg/m3
1.07 per 0.03 μg/m

3

1.00

1.00

0.28

0.24

1.05 per 0.03 μg/m3

0.62

0.55

1.07 per 0.03 μg/m3

0.90

0.83

0.50

0.44

0.89

0.85

1.03 per 0.03 μg/m3

Dysrhythmia

1 year

1.03 per 0.03 μg/m

3

21.4

2 years

1.05 per 0.03 μg/m3
1.07 per 0.03 μg/m

3

Scenario Set 3

CVD

Elemental carbon (EC)
(single pollutant model)}

1.00

0.99

EC: 0.98

0.99

2 years

EC: 1.00

1.00

3 years

EC: 1.00

1.00

4 years

EC: 1.00

1.00

EC: 1.052 per 2 μg/m3

1 year

EC: 1.052 per 2 μg/m3
EC: 1.052 per 2 μg/m3
EC: 1.052 per 2 μg/m

3

85.8
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Table 2 Power estimates for time-series models of air pollution under various scenarios (Continued)
Carbon monoxide (CO)
(single pollutant model)}

Elemental carbon (EC) and
Carbon monoxide (CO) in
two- pollutant model

CO: 1.039 per 1 ppmV

1 year

CO: 1.00

1.00

CO: 1.039 per 1 ppmV

2 years

CO: 1.00

1.00

CO: 1.039 per 1 ppmV

3 years

CO: 1.00

1.00

CO: 1.039 per 1 ppmV

4 years

CO: 1.00

1.00

EC: 1.022 per 2 μg/m3

1 year

CO: 1.032 per 1 ppmV
EC: 1.022 per 2 μg/m3

2 years

CO: 1.032 per 1 ppmV
EC: 1.022 per 2 μg/m3

3 years

CO: 1.032 per 1 ppmV
EC: 1.022 per 2 μg/m3

4 years

CO: 1.032 per 1 ppmV
Dysrhythmia

Elemental carbon (EC)
(single pollutant model)

Carbon monoxide (CO)
(single pollutant model)

Elemental carbon (EC) and
Carbon monoxide (CO) in
two- pollutant model

EC: 0.32

0.35

CO: 0.94

0.95

EC: 0.54

0.61

CO: 1.00

1.00

EC: 0.73

0.78

CO: 1.00

1.00

EC: 0.83

0.89

CO: 1.00

1.00

EC: 1.106 per 2 μg/m3

1 year

EC: 0.98

0.99

EC: 1.106 per 2 μg/m3

2 years

EC: 1.00

1.00

3

EC: 1.106 per 2 μg/m

3 years

EC: 1.00

1.00

EC: 1.106 per 2 μg/m3

4 years

EC: 1.00

1.00

21.4

CO: 1.067 per 1 ppmV

1 year

CO: 0.99

0.99

CO: 1.067 per 1 ppmV

2 years

CO: 1.00

1.00

CO: 1.067 per 1 ppmV

3 years

CO: 1.00

1.00

CO: 1.067 per 1 ppmV

4 years

CO: 1.00

1.00

EC: 1.058 per 2 μg/m3

1 year

CO: 1.049 per 1 ppmV
EC: 1.058 per 2 μg/m3

2 years

CO: 1.049 per 1 ppmV
EC: 1.058 per 2 μg/m3

3 years

CO: 1.049 per 1 ppmV
EC: 1.058 per 2 μg/m3
CO: 1.049 per 1 ppmV

4 years

EC: 0.49

0.55

CO: 0.81

0.79

EC: 0.78

0.84

CO: 0.98

0.97

EC: 0.92

0.95

CO: 1.00

1.00

EC: 0.97

0.99

CO: 1.00

1.00

All models controlled for temperature (cubic splines with knots at 12.22°C and 23.89°C, for the moving average of daily average temperature (lags 0–2 days)),
dew point (cubic splines with knots at 4.33°C and 18.28°C, for the moving average of daily average dew point (lags 0–2 days)), weekday, hospital participation
periods, and underlying time trends (cubic spline for time with seasonal knots for four seasons).
† G*Power estimates were generated using the Lyles Enumeration Procedure. Power estimates obtained using PASS were very similar (all within 2 percentage
points of the G* Power results) and are not shown. G*Power estimates use the mean daily count as expβ0 and account for days with missing pollutant values.
}Single pollutant models have missing values on the same days as the two-pollutant models.

software were nearly identical to results obtained using
G*Power software (always within 2 percentage points)
and are not shown. Power estimates from statistical software were very similar to estimates from the simulations
when using the mean daily count as Exp(β0) and
accounting for the number of days with missing pollutant values. If the number of days with missing pollutant
values was not accounted for, power was over estimated
(data not shown). In addition, if a more straightforward
interpretation of Exp(β0) was used, in which the exponentiated intercept from the model was used as Exp(β0),
power was substantially overestimated in some scenarios
and substantially underestimated in other scenarios (data
not shown).

Discussion
These analyses illustrate the impact of increasing timeseries length and mean daily counts on power for air
pollution time-series studies, and the way in which that
impact varies for different pollutants, magnitudes of the
risk ratio, and daily outcome counts. Moreover, they illustrate the potential usefulness of simulations in estimating power for such studies, as well as a reliable
method for using statistical software for estimating
power for such studies.
Scenario Set 1 illustrates the important point that
studies considering outcomes with very low mean daily
counts (<10 per day) will have very low power, even with
time series up to 4 years in length, when the risk ratio is
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Figure 1 Power estimates from simulations varying time-series length and daily outcome counts (Scenario Set 1). Power estimates are
for PM2.5 in relation to CVD (a), dysrhythmia (b), and cardiac arrest (c). Simulated daily outcome counts were generated for each scenario with
average daily counts corresponding to average counts in one year of observed data; with the specified temporal associations with air pollutants;
and with associations with variables relating to time and meteorology that reflected the associations in the one year of observed data. For each
scenario, the mean daily counts were scaled appropriately, time series of the specified length were created, and 2000 simulated data sets were
generated based on a Poisson distribution. Power was calculated as the percentage of the 2000 simulated data sets for each scenario that
showed a statistically significant association between the pollutant and the simulated daily outcome counts, using a significance level of 0.05.

low. Scenario Set 1 also illustrates the two dimensions of
sample size in this type of study: the time-series length
and the mean daily counts. To our knowledge, the relative impact of these two dimensions of sample size on
power in time-series studies of air pollution health
effects has not previously been directly examined. Our
simulation results suggest that the power can be
increased by increasing either the mean daily count (e.g.,
by increasing the number of hospitals contributing data
to the study) or the time-series length, with both having
a similar impact on the expected value of power if the
joint distribution of the outcome, pollution levels, and
covariates is fixed. In our simulations, by repeating the
values of all covariates in the model in years after the
first year, the distribution of the pollution variable and
the covariance between pollution and other variables in
the model were held constant to allow a ‘pure’ comparison of the effect of the two dimensions of sample size.
However, in a real-world study, changing the length of
the time series would likely change the observed distribution of pollution levels and covariates in a way that
changing the mean daily counts would not. This could
lead to changes in the actual power of a study that are
not solely due to the change in the time series length.
As an example, consider the hypothetical example of a
2-day time series with a mean daily count of 5,000
events per day. This study could have excellent power to
detect an air pollution effect if the two days had very

different air pollution levels or very poor power if the
two days had similar pollution levels. That is, there is an
element of chance in the days selected. By contrast, a
5000-day time series with a mean of 2 events per day
could have a more representative distribution of pollution levels and covariates and would also have the potential for evaluation of dose–response curves, seasonal
effects, and interactions in a way that the 2-day time
series would not.
In practice increasing each of these dimensions of
sample size may have challenges. The length of the time
series may be limited by the availability of historical data
or the time available for prospective data collection. The
mean daily outcome counts may be limited by the population size in the study area, and increasing the number
of hospitals may increase exposure measurement error if
the geographic area is substantially expanded. The scenarios considered here reflect those considered in published air pollution time-series studies, which have
varied widely in terms of the length of the time series
and the average number of daily events. Some studies
have had long time series and a high average number of
daily events as a result of conducting studies in large
metropolitan areas or of combining data from multiple
cities [13-15]. For example, Strickland et al. [14] examined a 12-year time series with daily measurements of
air pollutants and a mean of 18.9 pediatric asthma visits
per day during the warm season and 22.8 per day during

Winquist et al. Environmental Health 2012, 11:68
http://www.ehjournal.net/content/11/1/68

Page 9 of 12

Figure 2 Power estimates from simulations varying risk ratio and time-series length (Scenario Set 2). Power estimates are for total water
soluble PM2.5 metals in relation to CVD and dysrhythmia. Mean daily outcome counts were held constant at twice the mean daily counts in the
observed data. Simulated daily outcome counts were generated for each scenario with average daily counts corresponding to average counts in
one year of observed data; with the specified temporal associations with air pollutants; and with associations with variables relating to time and
meteorology that reflected the associations in the one year of observed data. For each scenario, the mean daily counts were scaled appropriately,
time series of the specified length were created, and 2000 simulated data sets were generated based on a Poisson distribution. Power was
calculated as the percentage of the 2000 simulated data sets for each scenario that showed a statistically significant association between the
pollutant and the simulated daily outcome counts, using a significance level of 0.05.

the cold season. Le Tertre et al. [15] analyzed data for 8
European cities with city-specific time series varying in
length from 3 to 7 years and a mean number of daily
hospital admissions for cardiac conditions in each city
ranging from 16 to 138. However, other studies have
considered shorter time periods and/or lower average
number of daily events [16-18]. Some have had short
time series due to an interest in studying the impact of
short-term events such as wildfires (e.g., a study by
Delfino et al. [16] with a 46-day time series). Some studies have had a low mean number of daily events due to a
small population size but local concerns about the health
effects of air pollution (e.g., a study by Ulirsch et al. [17]
that combined counts of several different types of health
care visits to achieve a 5.5-year time series with mean
daily event counts of 18.0-21.1 for respiratory outcomes
and 2.0-4.9 for cardiovascular outcomes), or an interest
in locally collected data with a level of covariate detail
not usually available in large administrative data sets
[e.g., a study by Stieb et al. [18] that examined a 3.75-year
time series of ED visits, with information on smoking
status, the presenting complaint, and date of symptom
onset, but with low mean daily ED visit counts (e.g., 10.9

for the ‘all respiratory’ outcome group, and <4 for cardiovascular case groups)]. In some studies, mean daily
counts are moderate for some outcomes but very low for
other outcomes (e.g., a study by Slaughter et al. [19] that
examined a 6-year time series for hospital admissions
and a 6.5-year time series for ED visits in which the mean
daily event counts were 12.2 for ‘all respiratory’ ED visits,
but <10 for all other outcome groups including mean
counts of ≤3 for some outcome groups). Our findings
can help guide investigators when considering power in
studies such as these, with very short time series or very
low average daily event counts.
Scenario Set 2 illustrates how power depends on the
specified effect size. The impact of the effect size on
power can also be seen in Scenario Set 1, in the surprisingly high power seen for cardiac arrest in spite of low
daily counts, which was due to the high risk ratio for the
cardiac arrest-PM2.5 association observed in our data set.
However, it should be noted that effect estimates for
outcomes with low daily counts can be very unstable.
Use of an effect estimate for an outcome with low daily
counts from a short time series in a power calculation
may give misleading power estimates.
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Figure 3 Power estimates from simulations comparing single pollutant models and two-pollutant models (Scenario Set 3). Power
estimates are for elemental carbon (EC) and carbon monoxide (CO) in relation to CVD and dysrhythmia, with varying time-series length.
Mean daily outcome counts were held constant at twice the mean daily counts in the observed data. Simulated daily outcome counts were
generated for each scenario with average daily counts corresponding to average counts in one year of observed data; with the specified
temporal associations with air pollutants; and with associations with variables relating to time and meteorology and the other pollutant in the
two-pollutant models that reflected the associations in the one year of observed data. For each scenario, the mean daily counts were scaled
appropriately, time series of the specified length were created, and 2000 simulated data sets were generated based on a Poisson distribution.
Power was calculated as the percentage of the 2000 simulated data sets for each scenario that showed a statistically significant association
between the pollutant and the simulated daily outcome counts, using a significance level of 0.05.

Scenario Set 3 compares the power for analyses that
do or do not control for covarying pollutants. Power to
detect a statistically significant effect may be reduced in
multi-pollutant models for several reasons. First, the risk
ratios for the pollutants are often smaller in the multipollutant model than in the single pollutant models due
to the control for positive confounding between the pollutants. Second, collinearity between pollutants can
cause model instability and inflate parameter estimate
variances in multipollutant models [6], with an accompanying decrease in power. Finally, if pollutants have
missing observations on different days, the multipollutant model will have more missing values than the
single pollutant models, leading to increased parameter
estimate variances and reduced power [20]. In our scenarios, the single pollutant models were made to have
the same number of missing days as the two-pollutant
models; therefore, this was not the reason for the difference in power. In scenario set 3, although the RR was
greater for EC than for CO in the two-pollutant model

for dysrhythmia, the power was greater for CO in all
models. The reason for this is that in addition to the
odds ratio, the proportion of the variance of a pollutant
that is explained by other variables in the model and the
variability of pollutant values also affect power. In the
two pollutant models, the proportion of the variance
explained by other variables in the model was higher for
EC than for CO, and the coefficient of variation was
lower for EC than for CO. Both of these factors will decrease power for EC. These findings demonstrate the
important fact that the power to detect an effect may
not be the same for all pollutants in a multipollutant
model, due to different pollutant distributions and different relationships with other variables in the model. All
else being equal, pollutants that have high correlations
with other variables in the model or that have low variability will have lower power.
When the power estimates from the simulations were
compared with those obtained from statistical software,
we found that the power estimated by the statistical
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software was very similar to that estimated through the
simulations. The similarity between power estimates
from simulations and power software was observed despite the challenges in calculating some of the parameters
required for the statistical software. For example, several
of the pollutants had skewed distributions, which could
have led to inaccuracies in resulting power estimates due
to the assumption of a normal pollutant distribution and
to use linear regression models for estimation of the
proportion of the pollution variable variance that was
due to other model variables. In addition, we found that
implementation of the software for time-series studies
was not straightforward due to difficulties involved in
defining Exp(β0). Our results show that using the mean
daily count in power calculations for these types of studies (with risk ratios that are close to the null) may be a
reasonable approach to estimating Exp(β0). The more
straightforward approach based on a simple interpretation of the instructions, of exponentiating β0 from the
models, led to inaccuracies in the power estimates.
When using power software to estimate power, it is also
important to account for the expected degree of missing
data, as was done here. Power estimates from software
that did not account for missing data overestimated
power.
Power in time-series analyses could also vary in ways
not considered in these analyses. There are many ways
to model a particular pollutant-outcome relationship
with regard to pollutant characterization, lag structure,
control for confounding due to time trends and meteorological factors, and type of analysis [21]. The question, “What is the power?” can only be answered for a
specific pollutant-outcome model with specified effects
and a specified modeling strategy. Model specifications
can affect power by impacting the covariation between
the pollutant of interest and other variables in the
model. Power can also be affected by factors that may
not be directly controllable in the study design phase,
such as missing values [20] and measurement error,
which can decrease power [22,23].
The magnitudes of the power estimates in these simulations are specific to our model specifications, as well as
to the pollutant, outcome and covariate distributions and
observed risk ratios in our observed data set. However,
the conclusions relating to how various factors impact
power are generalizable to different model specifications
within the framework of Poisson generalized linear models. They are also generalizable to different outcomes,
different pollutants and different locations. In any scenario, the same factors influence power in the same way.
While power calculations such as these can be helpful
in assuring that a study is well-designed, they must be
interpreted correctly. While increasing the sample size
will increase power, this should not be interpreted to
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mean that an estimated effect bordering on statistical
significance would necessarily become significant with
increased sample size. In multi-pollutant models, power
calculations can reflect the power for estimating the effect of each pollutant given a specified correlation with
other pollutants, but such calculations do not address
the adequacy of the control for confounding or differential measurement error, which can be major issues in
such models [5,24]. Similarly, in any model, adequate
statistical power does not ensure validity of model
results, as there still may be problems compromising
validity (e.g. lack of control for confounding, misspecification of dose response functions, measurement error).
The validity of power analyses is also contingent on analyses being conducted in the proper framework. One can
spuriously increase the probability of finding significant
effects by using procedures such as data mining. Finally,
the accuracy of power estimates from simulations based
on data from a short time period depends on the degree
to which the short time period is representative of the
period in the planned study with respect to daily counts,
the magnitude of associations between air pollution and
outcomes, and the relationships between the various
variables in the model.

Conclusions
The findings of these simulations have several implications for the design of studies of acute air pollution
health effects. Such studies often model many pollutantoutcome combinations, and power will be better for
some hypotheses than for others. The issue of sufficient
power should be viewed as a continuum and not a dichotomous (yes or no) issue. To optimize power, one can
increase either time-series length (by acquiring data for a
longer time period) or the daily outcome counts (e.g., by
acquiring data from more hospitals). While mathematically both have a similar impact on power, the actual impact might not be the same if increasing time series
length changes pollutant distributions and the relationships between pollutants and other variables in the
model. Allowance should also be made for the impact on
power of controlling for covarying pollutants. Finally,
power estimates obtained from standard software were
very close to those from simulations, but care is needed in
selecting proper values for the software input parameters.
Abbreviations
PM2.5: Particulate matter less than 2.5 microns in diameter; CO: Carbon
monoxide; EC: Elemental carbon; CVD: Cardiovascular disease outcome
group; CA: Cardiac arrest; RR: Risk ratio; μg/m3: Micrograms per cubic meter;
ppmV: Parts per million by volume; °C: Degrees Celsius; ED: Emergency
department; ICD-9: International Classification of Diseases, 9th revision.
Competing interests
The authors declare that they have no competing interests.

Winquist et al. Environmental Health 2012, 11:68
http://www.ehjournal.net/content/11/1/68

Authors’ contributions
MK conceptualized the study, designed the simulations, ran initial
simulations for scenarios, assisted with power calculations using statistical
software, interpreted the results, and critically reviewed the manuscript. AW
ran simulations to expand some of the scenarios, performed power
calculations using statistical software, participated in interpretation of results,
and prepared the manuscript. SS and PT participated in conceptualizing the
paper and interpretation of the results, and critically reviewed the
manuscript. All authors read and approved the final manuscript.
Acknowledgements
This publication was made possible by grants to Emory University from the
Electric Power Research Institute (EP-P25912/C12525 and EP-P27723/C13172)
and the US Environmental Protection Agency (RD83479901 and RD833626).
Its contents are solely the responsibility of the grantee and do not
necessarily represent the official views of the USEPA. Further, USEPA does
not endorse the purchase of any commercial products or services
mentioned in the publication. Additional support for creation of the
database came from NIEHS grant R01ES011294.
Received: 6 March 2012 Accepted: 12 September 2012
Published: 20 September 2012
References
1. Faul F, Erdfelder E, Buchner A, Lang AG: Statistical power analyses using
G*Power 3.1: tests for correlation and regression analyses. Behav Res
Methods 2009, 41:1149–1160.
2. Hseih FY, Lavori PW, Cohen HJ, Feussner JR: An overview of variance
inflation factors for sample size calculation. Eval Health Prof 2003,
26:239–257.
3. Bell ML, Samet JM, Dominici F: Time-series studies of particulate matter.
Annu Rev Public Health 2004, 25:247–280.
4. Ramsay TO, Burnett RT, Krewski D: The effect of concurvity in generalized
additive models linking mortality to ambient particulate matter.
Epidemiology 2003, 14:18–23.
5. Ito K, Thurston GD, Silverman RA: Characterization of PM2.5, gaseous
pollutants, and meteorological interactions in the context of time-series
health effects models. J Expo Sci Environ Epidemiol 2007, 17:S45–S60.
6. Robinson LD, Jewell NP: Some surprising results about covariate
adjustment in logistic regression models. Int Stat Rev 1991, 58:227–240.
7. Lyles RH, Lin HM, Williamson JM: A practical approach to computing
power for generalized linear models with nominal, count, or ordinal
responses. Stat Med 2007, 26:1623–1648.
8. Demidenko E: Sample size determination for logistic regression revisited.
Stat Med 2007, 26:3385–3397.
9. Poisson Regression. Heinrich-Heine-Universität - Institut für experimentelle
Psychologie, G*Power 3, User guide. Analysis by Distribution web site.
Available at: http://www.psycho.uni-duesseldorf.de/abteilungen/aap/
gpower3/user-guide-by-distribution/z/poisson_regression,
accessed 1/13/2010.
10. PASS: Poisson Regression. NCSS web site. Available at: http://www.ncss.com/
passpoissonreg.html, accessed 1/14/2010.
11. NCSS, Hintze JL: Poisson Regression. In PASS Power Analysis and Sample Size
System User’s Guide III. Kaysville: NCSS; 2011:870-1–870-9. Available at: http://
www.ncss.com/download_manuals.html, accessed 5/2/2011.
12. Tolbert PE, Klein M, Metzger KB, Peel J, Flanders WD, Todd K, Mulholland JA,
Ryan PB, Frumkin H: Interim results of the study of particulates and
health in Atlanta (SOPHIA). J Expo Anal Environ Epidemiol 2000, 10:446–460.
13. Peng RD, Chang HH, Bell ML, McDermott A, Zeger SL, Samet JM,
Dominici F: Coarse particulate matter air pollution and hospital
admissions for cardiovascular and respiratory diseases among Medicare
patients. JAMA 2008, 299:2172–2179.
14. Strickland MJ, Darrow LA, Klein M, Flanders WD, Sarnat JA, Waller LA,
Sarnat SE, Mulholland JA, Tolbert PE: Short-term associations between
ambient air pollutants and pediatric asthma emergency department
visits. Am J Respir Crit Care Med 2010, 182:307–316.
15. Le Tertre A, Medina S, Samoli E, Forsberg B, Michelozzi P, Boumghar A,
Vonk JM, Bellini A, Atkinson R, Ayres JG, Sunyer J, Schwartz J, Katsouyanni K:
Short-term effects of particulate air pollution on cardiovascular diseases
in eight European cities. J Epidemiol Community Health 2002, 56:773–779.

Page 12 of 12

16. Delfino RJ, Brummel S, Wu J, Stern H, Ostro B, Lipsett M, Winer A, Street DH,
Zhang L, Tjoa T, Gillen DL: The relationship of respiratory and
cardiovascular hospital admissions to the southern California wildfires of
2003. Occup Environ Med 2009, 66:189–197.
17. Ulirsch GV, Ball LM, Kaye W, Shy CM, Lee CV, Crawford-Brown D, Symons M,
Holloway T: Effect of particulate matter air pollution on hospital
admissions and medical visits for lung and heart disease in two
southeast Idaho cities. J Expo Sci Environ Epidemiol 2007, 17:478–487.
18. Stieb DM, Beveridge RC, Brook JR, Smith-Doiron M, Burnett RT, Dales RE,
Beaulieu S, Judek S, Mamedov A: Air pollution, aeroallergens and
cardiorespiratory emergency department visits in Saint John, Canada.
J Expo Anal Environ Epidemiol 2000, 10:461–477.
19. Slaughter JC, Kim E, Sheppard L, Sullivan JH, Larson TV, Claiborn C:
Association between particulate matter and emergency room visits,
hospital admissions and mortality in Spokane, Washington. J Expo Anal
Environ Epidemiol 2005, 15:153–159.
20. Davey A, Savla J: Estimating statistical power with incomplete data.
Organizational Research Methods 2009, 12:320–346.
21. Figueiras A, Carracedo-Martinez E, Saez M, Taracido M: Analysis of
case-crossover designs using longitudinal approaches: A simulation
study. Epidemiology 2005, 16:239–246.
22. Stram DO: Designs for studies of personal exposure to air pollution and
the impact of measurement error. J Toxicol Environ Health A 2005,
68:1181–1187.
23. Devine OJ, Smith JM: Estimating sample size for epidemiologic studies:
the impact of ignoring exposure measurement uncertainty. Stat Med
1998, 17:1375–1389.
24. Tolbert PE, Klein M, Peel JL, Sarnat SE, Sarnat JA: Multipollutant modeling
issues in a study of ambient air quality and emergency department
visits in Atlanta. J Expo Sci Environ Epidemiol 2007, 17:S29–S35.
25. SAS Institute Inc: Base SASW 9.2 Procedures Guide: Statistical Procedures,
Third Edition. Cary, NC: SAS Institute Inc; 2010. Available at: http://support.
sas.com/documentation/cdl/en/procstat/63104/HTML/default/viewer.
htm#procstat_univariate_sect026.htm, accessed 9/14/2012.
doi:10.1186/1476-069X-11-68
Cite this article as: Winquist et al.: Power estimation using simulations
for air pollution time-series studies. Environmental Health 2012 11:68.

Submit your next manuscript to BioMed Central
and take full advantage of:
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at
www.biomedcentral.com/submit

