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Health Effects of Air Pollution 

BACKGROUND 

Using epidemiologic approaches to determine the health risks of exposure to air pollutants is challenging: it is difficult 
to measure exposure to the relatively low levels of pollutants to which people are generally exposed, and to find 
populations with different degrees of pollutant exposure but comparable exposure to potentially confounding factors. 
Furthermore, the frequently high correlation among different pollutants makes it difficult to identify the effect of a 
single agent, In the early 1 990s the Health Effects Institute (HEI) supported an Environmental Epidemiology Planning Project 
to identify the methodological issues that needed to be addressed in future studies of the health effects of air pollutants 
(HEI Communications Number 3, 1994). HEI also funded research targeted to the development of epidemiologic 
methods in this area of air pollution research and, when possible, to the testing of these methods using appropriate 
data sets. HEI funded the study conducted by Dr. William Navidi and colleagues to develop statistical methods that 
would improve the estimates of the health effects air pollution obtained from epidemiologic studies. One important 
feature of this study was that the investigators were able to test the statistical models they developed using data from 
the University of Southern California Children's Health Study of the long-term effects of air pollutants on children. 

STATISTICAL METHODS AND CRITIQUE 

In this report, Navidi and colleagues discussed the development of three sophisticated statistical methods and their 
application to air pollution epidemiologic studies. First, they took a standard case-crossover design (an approach to 
assessing the effect of transient exposures on the risk of onset of an acute event) and introduced a bidirectional 
element where control data were obtained both before and after the health event of interest. Navidi and colleagues 
showed that their bidirectional case-crossover design method provided a better estimate than the standard case-cross
over design and illustrated the potential bias in the latter approach. The use of the bidirectional case-crossover 
promises to be an advance over the use of the case-crossover design and offers promise for reducing bias in 
environmental epidemiologic studies. More investigation is needed, however, into possible problems, such as 
sensitivity to the mathematical model employed and "carryover effects"-the individual behaving differently after 
the health event. 

Second, because measurement error (the difference between true and measured exposures) can have a substantial 
impact on the accuracy of estimated health effects, Navidi constructed a model to evaluate the reliability of two 
approaches to estimating cumulative exposure to air pollutants. The investigators imply that neither the direct nor 
the indirect approach to measuring exposure gave reliable answers when uncorrected measurement errors were 
present. This cone! us ion appears justified based on the simple model the investigators used. The investigators believe 
that more elaborate models may correct themselves and thus result in reliable estimates of cumulative exposure, but 
it is not clear how this will occur. Additional modeling and simulations are needed to make any definite conclusions. 
Certainly more basic research is needed to understand if the two approaches can be shown capable of estimating 
cumulative exposures and, if so, how well. 

Third, the investigators adapted a multilevel analytic design to air pollution epidemiology. This design has the 
potential to combine individual and group level comparisons. Such designs, which have been used for many years 
in the social sciences and are now being applied in health effects fields, are undergoing intense development. Navidi 
has made an advance in this area by identifying the components needed to model the health effects of air pollution 
and by developing reasonable mathematical models. Further work is needed to determine the sensitivity of the 
investigators' multilevel model to model assumptions and bias before it can be recommended for general use. 

COMMENTS 

Navidi and his collaborators have made advances in statistical methodology. Their main contribution has been less 
in the development of new methods than in applying and extending methods in use in other areas-particularly the 
bidirectional case-crossover design and multilevel analytic design-to the air pollution health effects field. Some 
issues remain unresolved; applications of the investigators' methods to exposure problems that include careful model 
development and validation are needed to resolve these questions. 

This Statement, prepared by the Health Effects Institute and approved by its Board of Directors, is a summary of a research project sponsored 
by HE! from March 1993. This study was conducted by Drs. William Navidi, Duncan Thomas, Bryan Langholz, and Daniel Stram of the University 
of Southern California, Los Angeles, CA. The following Research Report contains both the detailed Investigators' Report and a Commentary on 
the study prepared by the Institute's Health Review Committee. 
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being introduced in the process of recreating equations and 
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Committee, and an HE! Statement about the research project. Correspon
dence concerning the Investigators' Report may be addressed to Dr. William 
Navidi, Colorado School of Mines, Department of Mathematical and Com
puter Science, Golden, CO 80401. 

Health Effects Institute Research Report Number 86 © 1999 

to ensure that the mathematical characters set down by the 
authors maintained their precision and authenticity, we 
used camera-ready copy produced by the authors and had 
them stripped into the pages by our printer. 

The Abstract begins on page 2. 

Although this document was produced with partial funding by the United 
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of the Agency, and no official endorsement by it should be inferred. The 
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0 Abstract 

vVe describe two statistical designs that can provide efficient estimates of the health effects 
of exposure to air pollutants in epidemiologic studies. We also evaluate the effects of 
measurement error in exposure assessment on the accuracy of estimated health effects. 

The bidirectional case-crossover design is a variant of a method proposed by Maclure 
(1991). Our version of the method takes advantage of the fact that in epidemiologic studies 
involving environmental exposure, accurate information about past exposure is more 
readily available, and that levels of exposure are generally unaffected by the response of the 
subject. It differs from other case-crossover methods in that control information is assessed 
both before and after failure, thus avoiding confounding due to time trends in exposure. 

The multilevel analytic design provides a method of combining estimates of health effects 
made on the individual level with those made at the group level. It has great potential 
value in situations where variations in exposure within groups may not be great enough to 
provide adequate power to detect health effects, as is often the case in air pollution studies 
where exposure levels are similar within a geographic community. 

Measurement errors in exposure assessment can have substantial impact on the accuracy of 
estimated health effects. When the microenvironmental approach is used to estimate 
exposure, a standard error of 30% in estimating indoor/outdoor ratios can increase the 
standard error of a relative risk estimate by 50%, and introduce bias as well. Similar 
results hold when exposure is estimated with personal samplers. When the 
microenvironmental approach is used, errors in estimating indoor/ outdoor ratios have more 
influence on the accuracy of risk estimation than do errors in estimating the time spent in 
microenvironments. 

1 Introduction 

Fundamental challenges common to many environmental epidemiological studies include 
(1) difficulties in measuring exposure, disease, and related variables, (2) the problem of 
finding populations with different degrees of exposure that are comparable with respect to 
potentially confounding factors, and (3) the difficulty of distinguishing effects at the 
individual level, often as a result of the spatially clustered nature of many environmental 
exposures. 

We have addressed the methodological implications of these challenges in several ways. We 
studied an epidemiologic design that combines two approaches to studying 
exposure-disease associations, the analytic approach based on comparisons between 
individuals (for example, case-control and cohort studies), and the ecologic approach based 
on <;;omparisons between groups. The analytic approach generally provides a stronger basis 
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for inference, in part because of freedom from between-group confounding and better 
quality data, but the ecologic approach is less susceptible to attenuation bias from 
measurement error and may provide greater variability in exposure. The design we propose 
entails the selection of a number of groups and enrollment of individuals within each group. 
Exposures, outcomes, confounders, and modifiers are to be assessed on each individual, but 
additional exposure data might be available on the groups. The analysis then combines 
both the individual-level and the group-level comparisons, with appropriate adjustments 
for exposure measurement errors, and tests for compatibility between the two levels of 
analysis, for example to determine whether the associations at the individual level can 
account for the differences in disease rates between groups. We also studied the 
implications for design efficiency in terms of trade-offs between numbers of groups, 
numbers of individuals, and the extent of the individual and group measurement protocols. 

We have studied the impact of measurement error in assessing individual exposure to air 
pollutants on the accuracy of the estimation of health effects. We have considered the 
"microenvironmental" approach, the personal sampler (badge) approach, and an approach 
in which each individual's exposure was estimated to be the ambient outdoor level 
measured at a monitoring station. In the microenvironmental approach, the region 
occupied by an individual during the time period of interest is divided into a number of 
"microenvironments", e.g. home, school, office, car, outdoor areas, etc. To estimate an 
individual's cumulative exposure one estimates the concentrations of the pollutant of 
interest and the times spent by the individual in each microenvironment, then computes 
the appropriate time-weighted average. In the personal sampler approach, each individual 
wears a badge that traps or reacts with the pollutant to provide an estimate of the 
cumulative exposure. We have gained considerable insight into the association between 
measurement error in exposure assessment and bias in the estimation of health effects. 
This should be useful in the development of validation studies whose results can be used to 
improve the accuracy of these estimates. 

We have also studied the case-crossover design (Maclure, 1991) for examining the acute 
effects of exposure to air pollutants. This is a design in which only cases are sampled, and 
their exposure at the time of their failure is compared with some estimate of their typical 
level of exposure. The definition of "failure" varies from study to study. For example, in 
the USC Children's Health Study, failure is defined as a day of absence from school. In 
studies of the relationship between particulate exposure and mortality, failure refers to 
death. Mittleman, Maclure, and Robins (1995) discuss Maclure's method and some 
variations on it. In all of the methods they describe, all control information is assessed 
prior to failure. Sampling all control information prior to failure makes the case-crossover 
design subject to bias from time trends in exposure. While time trends in exposure can be 
quite pronounced for environmental exposures, studying the effects of environmental 
exposures offers two compensating advantages. First, accurate information is often 
available about the levels of past exposure. Second, exposure after an event is unaffected 
by the occurrence of the event. We describe a modification of the case-crossover approach 
that makes use of both of these advantages. Our approach involves assessing control 
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information both before and after failure, which avoids confounding due to time trends. 

We have applied some of these ideas to the University of Southern California Children's 
Health Study. This is an ongoing study of the health effects of air pollution in Southern 
California, in which 12 communities with different levels and types of pollution have been 
selected and more than 3500 school children have been enrolled in a ten-year cohort study. 
In this study, exposure assessment protocols involve a combination of ambient monitoring, 
microenvironmental sampling, personal sampler monitoring, and questionnaire data on 
time-activity and household characteristics. Outcomes of interest include several 
measurements of pulmonary function, as well as morbidity outcomes as reported on 
questionnaires and as indicated by school absences. 

2 Specific Aims 

This study had three specific aims: (1) to develop efficient statistical designs for panel 
studies, (2) to develop methods for allowing for the effects of exposure measurement error, 
and (3) to develop methods for combining individual and aggregate level comparisons. 

Our work on the bidirectional case-crossover design addressed the first aim by presenting a 
statistical design that has proven successful in analyzing acute health effects of exposure to 
air pollutants in a major epidemiologic study. We also addressed this aim in our work on 
the multilevel analytic design, by measuring the impact of design decisions involving 
trade-offs between numbers of groups, numbers of individuals, and the extent of the 
individual and group measurement protocols. 

We addressed the second aim in two ways. We developed mathematical models for 
measurement error that allow us to compare the accuracy of the indirect or 
microenvironmental approach to exposure assessment with the direct or personal sampling 
approach. We also assessed the impact of these errors on a model that describes the effect 
of exposure on a health outcome. 

We addressed the third aim by developing the multilevel analytic design. A basic feature of 
this design is that it can be applied at the individual level, by studying the within-group 
differences, or at the aggregate level, by studying the group averages. The within-groups 
and the between-groups estimates can be combined to yield a pooled estimator that is 
more efficient than either of the two estimates separately. 
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3 The Bidirectional Case-crossover Approach 

3.1 Introduction 

The case-crossover design (Maclure, 1991) is a design in which only cases are sampled, and 
their exposure at the time of their failure is compared with some estimate of their typical 
level of exposure. This design has the advantage that by comparing exposures within 
subjects, all time invariant confounders such as sex, race, diet, age (over short periods), 
and community of residence are automatically controlled for. 

Data analysis in case-crossover studies is done by standard case-control methods. The 
basic principle is to estimate risk by comparing the exposure of the subject during a time 
interval just before failure (the case interval) with the exposure during one or more prior 
time periods (control intervals). Conditional logistic regression is generally used, with the 
Mantel-Haentzel approximation an option when the exposure measurement is binary. 

In crossover experiments, it is common to randomize the order of treatment, so that in a 
clinical trial, for example, approximately equal numbers of subjects receive treatment 
followed by placebo as the other way around. Randomization prevents the order of 
treatment from being confounded with other risk factors. In observational studies this is of 
course impossible. The fixed sequence of exposures, combined with the fact that the case 
exposure is always sampled last, makes the case-crossover design subject to bias from time 
trends in exposure. Greenland (1996) points out that this is a form of selection bias, since 
it tends to cause controls to be systematically either more or less exposed than cases. In 
fact, it is the same sort of bias that could occur in a standard case-control study if the 
controls were selected earlier in time than the cases. 

A number of variations of the case-crossover design have been proposed, involving different 
strategies for selecting control information. Mittleman, Maclure, and Robins (1995) 
describe methods in which one or more control intervals are selected at specified time lags 
before the event, which provide analogs to a one-to-one or many-to-one matched 
case-control study. Alternatively, one may estimate the proportion of time exposed during 
a longer interval (e.g., one year) before the event. This is the approach used by Maclure 
(1991), and referred to by Mittleman, Maclure, and Robins as the "Usual Frequency 
Approach." Marshall and Jackson (1993) describe a version of this approach in which 
exposure could be continuous rather than binary. In all of these approaches, secular trends 
in exposure are assumed to be absent, although Mittleman, Maclure, and Robins (1995) 
describe several methods for adjusting for cyclical trends. Feldman (1993ab) describes a 
method for estimating acute and transient risks associated with intermittent exposure. It is 
designed for binary exposure and for non-terminal outcomes (i.e., outcomes other than 
death). It does not automatically adjust for individual susceptibility factors, but instead 
requires that baseline risk be correctly modeled as a function of measured covariates. 

Time trends can be particularly strong for environmental exposures such as air pollutants. 
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Thus standard case-crossover methods can be severely biased. However, studying the 
effects of environmental rather than behavioral exposures offers two advantages. First, 
fairly accurate information about past levels of exposure is often available. Second, levels 
of exposure are unaffected by failures of subjects. Therefore it is possible to determine at 
times post-failure what the level of exposure would have been had a subject not failed. The 
case-crossover approach can be adapted to make use of these advantages by assessing 
control information from times both before and after failure. We refer to this method as 
the bidirectional case-crossover method, since control information is assessed in both 
directions from the failure time. This allows consistent estimators of risk to be computed, 
regardless of time trends in exposure. 

3.2 The Case-crossover Design for Environmental Exposure 

3.2.1 Methods for School Absence Data 

We have applied the bidirectional case-crossover design to study the relationship between 
school absence and pollution levels in the USC Children's Health Study (Peters, 1996). We 
describe an approach that is appropriate for this situation. For each subject i, let t 1 , ... , tM 
be the set of days at risk, that is, the set of days that school is in session for that subject, 
and let Xij be the exposure of subject i on day tj. The quantity Xij may be multivariate, 
containing levels of several pollutants at several lags, as well as values of potential 
confounders. Assume the log odds of absence for subject i on day tj are given by 

Pij 
log = ,\ + f3Xij· 

1- Pij 

where ,\ is the baseline level specific to subject i. Then 

e>.i ef3Xij 

Pij = 1 + e>.i ef3Xij . 

(1) 

(2) 

We assume for simplicity that absences on distinct days are independent. While this is not 
strictly true, it is nearly so for days far apart in time. With a reasonably large amount of 
data, this assumption should be satisfactory. Assume that subject i is absent on exactly ni 
days, and let Ai denote the set of days on which he is absent. It follows that the 
probability that a subject is absent precisely on these ni days is 

(3) 

Conditional on the number of absences being ni, the probability that the absences occurred 
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precisely on those days in Ai is 

where Dni denotes the collection of all sets of ni days. Substituting (2) into ( 4) yields 

Let XAi = l:tjEAi Xij, and for each subject i and each set of ni days S, let 
Gis = l:tkES xik· 

Then 

The likelihood function is found by summing the logarithm of (6) over all subjects: 

(4) 

(5) 

(6) 

(7) 

We estimate (3 by maximizing the right hand side of (7). The Fisher information is the 
negative of the second derivative of (7). In the case where (3 is univariate, this is given by 

(8) 

The variance of the maximum likelihood estimate of (3 (~) is estimated by substituting ~ 
for (3 in (8) and inverting. 

The number of sets to be summed over in the denominator of (5) is ni'(/:!~ni)" where M is 
the total number of days at risk. This is too large for the sum to be computable. In 
practice, therefore, we select a few sets at random and sum over these. Results of Langholz 
and Goldstein (1997) imply that under this approach, equations (5)-(8) remain valid, with 
sums over the full collection of sets Dni replaced by sums over the randomly chosen 
subcollection of sets. 
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3.2.2 Methods for Mortality Data 

In the case of mortality data, the probability that subject i fails at time tj is given by the 
proportional hazards model 

(9) 

Conditional on having failed during the ascertainment period, the probability that subject 
i fails at time tk is 

Pik = M ( ) · Lj=l exp (3Xij 
(10) 

The log likelihood function can be derived in a manner analogous to that of the previous 
section. If the failure time of the ith subject is tki, the log likelihood function is 

(11) 

3.3 Simulations 

We have conducted two simulation studies to evaluate the accuracy of this approach. In 
the first study, 1000 subjects were followed for 100 days. A univariate exposure X was 
generated, taking values in the repeated pattern 1, 1.5, 2, 2.5, 3, .... The true value (3 of the 
log relative risk associated with one unit of exposure was taken to be 1, and the baseline e>
was taken to be 0.005 for each subject. In this way the mean number of days absent for 
each subject was 4.69. Table 1 presents the results. The column labeled "Number of 
Combinations" gives the number of sets of ni days used to form sum in the denominator 
of (5). The column labeled "Mean" gives the average of the 1000 estimates of (3, and the 
column labeled "SD" gives the standard deviation for that sample, which should be quite 
close to the standard error (SE) of /3. To assess the accuracy of the Fisher information 
estimate of the SE, The column labeled "Nominal SE" (Root Mean Square Standard 
Error) gives the square root of the average of the 1000 variance estimates computed by 
inverting the Fisher information number. 

The results show that there is no appreciable bias, even when the denominator in (5) is 
estimated with a single control set. The standard deviation is reduced by increasing the 
number of control sets, but it is well estimated with the standard Fisher information 
estimate in all cases. 

Our second simulation used actual exposure data collected for the Children's Health Study. 
We obtained data on concentrations of particulate matter 10 microns or less in diameter 
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Table 1: Simulation Results for the Bidirectional Case-crossover Design 

Number of 
True Value Combinations Mean SD Nominal SE 

1.000 1 1.006 0.0646 0.0635 
1.000 10 1.001 0.0331 0.0332 
1.000 100 1.001 0.0261 0.0266 

(PM10 ) for ten Southern California communities for each day from January 1 through 
December 30, 1994. (Several of the communities had some days with missing information; 
these days were ignored in the simulation.) For purposes of the simulation, we assumed 
there were 100,000 subjects at risk in each community on January 1. The probability that 
a subject in community i would fail on day j was given by (9). The exposure Xij was taken 
to be the average daily concentration of PM10 , in units of 100f-Lg/m3 . We took the baseline 
hazard Ai to be 10-5 for all subjects in all communities, and the true value of the log odds 
ratio (3 to be 0.1. This results in a true relative risk of about 1.1 per 100f-Lg/m3 , which is in 
good agreement with relative risks of mortality due to particulates as estimated by 
Schwartz ( 1994) and Schwartz and Dockery ( 1992). 

Figure 1 shows a plot of the daily average levels of PM10 for Mira Lorna, California, one of 
the ten communities. The time trends in this town are representative of most of the others, 
and of particle pollution in Southern California generally. Levels are highest in the winter 
and in the summer. The winter peak is related to cloud cover, stagnation, and primary 
emissions, while the summer peak is a result of photochemistry and emissions. 
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We generated 1000 artificial data sets. Each data set was constructed by generating, for 
each community i and each day j, an observation from a Poisson distribution with mean 
NijAief3Xij where Nij represents the number of subjects at risk in community i on the jth 

day. For each data set, we computed five different estimates of {3. Two of them, ~la914 and 
~la928 , are conventional case-crossover estimates, e~ch using a single control day for each 
subject 14 or 28 days before failure, respectively. (31_ 1 is the bidirectional case-crossover 
estimate with ~ single control day for each subject randomly chosen from among the 363 
control days. f3rH is a "total history" version of th~ case-crossover estimator, in which all 
days prior to failure are used as controls. Finally, {3 BI is the bidirectional case-crossover 
estimator using the full stratum of 363 control days for each subject. For each data set, we 
computed each of the five estimators of {3 along with its estimated asymptotic variance. 
Thus we had 1000 replications of each estimator, along with 1000 replications of its 
estimated asymptotic variance. 

The third column of Table 2 presents, for each estimator, the av~rage of tpe 1000 
replications across the simulated data sets. It can be seen that (31_ 1 and f38r, the two 
bidirectional case-crossover estimators, are nearly unbiased, while the others, which use 
only information prior to failure, are considerably biased. The fourth column presents for 
each estimator the sample standard deviation of the 1000 replications, which should be a 
good approximation to the standard error. As expected, estimators usin~ more control 
information have smaller standard errors. In fact, the standard error of (31_ 1 is greater than 
that of ~BI by a factor very close to J2, which is in accordance with the rule of thumb for 
case-control studies that the relative efficiency of a case-control study with M controls per 
case is M/(M + 1) compared to a cohort study. The fifth column of Table 2 presents, for 
each estimator, the square root of the average of the 1000 replications of its asymptotic 
variance. The estimated asymptotic variance is seen to be nearly unbiased for the true 
variance for each of the estimators. 

A A 

We can obtain some insight into the nature of the bias for f3lag 14 and f3lag 28 by examining 
the time trends in the data more closely. For the lag 14 data, only those cases who fail 
later than January 14 are considered in the analysis. Their exposures at failure are 
compared with their exposures 14 days earlier. In all10 communities taken together, 50.1% 
of the days after January 14 had lower levels than their corresponding control day. On 
average, exposure on days after January 14 was 0.08 f.Jg/m3 lower than on the 
corresponding control day. Thus there is a slight tendency for control days to have greater 
exposure. When applied to the 1,000,000 subjects in the simulation, it causes the effect of 
exposure to be underestimated, as shown in the first line of Table 2. 

The corresponding results for the lag 28 data are that 50.3% of days after January 28 had 
lower levels of exposure than their corresponding control days, with an average difference of 
0.26 f.Jg/m 3 . The tendency for control days to have greater exposure is more pronounced 
than in the lag 14 data, and the effect of exposure is more severely underestimated. 
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Table 2: Comparison of Standard Case-crossover and Bidirectional Case-crossover 
Estimators 

Estimator True Value Mean SD Nominal SE 

~lagl4 0.1000 0.0625 0.1707 0.1730 

Pjag28 0.1000 -0.0220 0.1708 0.1701 

P1~1 0.1000 0.0993 0.1330 0.1412 

PTH 0.1000 0.4894 0.0710 0.0856 

PBI 0.1000 0.0995 0.0934 0.0988 

The true value of j3 is 0.1. /Jtagl4 and /Jta 928 are conventional case-crossover estimates, each using a single 
control day for each subject 14 or 28 days before failure, respectively. /J1 _ 1 is the bidirectional case-crossover 
estimate with a single control day for each subject randomly chosen from among the 363 control days. /JrH 

is a "total history" version of the case-crossover estimator, in which all days prior to failure are used as 
controls. iJBI is the bidirectional case-crossover estimator using the full stratum of 363 control days for each 
subject. 

3.4 Application to USC Children's Health Study 

During the calendar year 1994, a pilot school absence monitoring study was conducted at 
the University of Southern California. School absences for approximately 3600 Southern 
California children were recorded. The school absence monitoring study was part of the 
Children's Health Study, a large longitudinal study of the health effects of air pollution on 
children. We describe here an analysis in which the bidirectional case-crossover design was 
used to estimate acute effects of exposure to PM10 on the risk of absence from school. 

The probability of absence for subject i on day j was modeled with the logistic model (1). 
The vector of covariates Xij contained the peak PM10 level on the previous day, maximum 
temperature and humidity lagged one and two days, as well as indicators for the month 
and for the day of the week. This model ignores the fact that absences are autocorrelated, 
that is, if a subject is absent on a given day, the probability of absence the next day is 
greatly increased. In the analysis presented here, this was compensated for by treating only 
the first day of each period of absence as a failure, and discarding subsequent consecutive 
absences. Days on which the subject attended school were used as control days. Other 
approaches are possible. For example, one could include indicator functions for absence on 
the previous day, previous two days, etc., and interactions between these indicators and 
other covariates. In addition, since there is likely to be a waiting time of some duration 
between the end of one period of absence and the beginning of the next, one might include 
a function of the time since the last absence as a covariate. 

Risks were estimated using the procedure described in section 3.3. The denominator in (6) 
was approximated by using a single set of control days as well as the case set. Results of 
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the analysis are presented in Tables 3 through 6. 

Table 3 presents relative risks of absence in relation to peak ambient levels of 0 3 , PM10 , 

and N02 both one and two days prior to the start of the absence. No results are 
statistically significant, although peak 0 3 lagged one day appears somewhat inversely 
related to absence risk. 

Table 3: Relative Risk of Absence in Relation to Recent Exposure to Air Pollutants 

Relative Risk 
Pollutant per Unit Exposure 95% C.I. 
Peak 0 3 lag 1 0.9778 0.9560-1.0001 
Peak 0 3 lag 2 1.0026 0.9813-1.0244 
Peak PM10 lag 1 1.0082 0.9987-1.0018 
Peak PM10 lag 2 0.9917 0.9819-1.0017 
Peak N02 lag 1 0.9464 0.9273-1.0150 
Peak N 0 2 lag 2 1.0474 1.0242-1.0711 

There were 2486 subjects for whom absences were reported. Adjusted for temperature and humidity lagged 

one and two days. Units are 10 ppb for 0 3 and N02, 10 p,g I m3 for PM10 . 

Table 4 presents relative risks of absence due to respiratory illness. No statistically 
significant results are observed. The sample size is much smaller than that for the analysis 
presented in Table 3, as is reflected in the increased width of the confidence intervals. 

Table 4: Relative Risk of Absence Due to Respiratory Illness in Relation to Recent Exposure 
to Air Pollutants 

Relative Risk 
Pollutant per Unit Exposure 95 % C.I. 
Peak 0 3 lag 1 1.0295 0.9432-1.1238 
Peak 0 3 lag 2 0.9696 0.8970-1.0482 
Peak PM10 lag 1 0.9832 0.9399-1.0285 
Peak PM10 lag 2 0.9851 0.9488-1.0227 
Peak N02 lag 1 1.0248 0.9457-1.1105 
Peak N02 lag 2 0.9939 0.9076-1.0885 

There were 499 subjects who reported an absence due to respiratory illness. Adjusted for temperature and 

humidity lagged one and two days. Units are 10 ppb for 0 3 and N02, 10 p,g I m3 for PM10 . 

Tables 5 and 6 present relative risks of absence due to respiratory illness for subjects with 
wheeze or with asthma, respectively. No statistically significant results are observed for 
wheezers, but peak N02 lagged two days is associated with a statistically significant 
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increase in risk for asthmatic subjects, and the risk associated with N02 lagged one day is 
elevated as well. 

Table 5: Relative Risk of Absence Due to Respiratory Illness in Relation to Recent Exposure 
to Air Pollutants: Subjects With Wheeze Only 

Relative Risk 
Pollutant per Unit Exposure 95% C.I. 
Peak 0 3 lag 1 0.9033 0.4552-1.7925 
Peak 0 3 lag 2 1.3696 0.7389-2.5385 
Peak PM 10 lag 1 0.8152 0.5275-1.2597 
Peak PM10 lag 2 0.9210 0.5897-1.4384 
Peak N 0 2 lag 1 1.4720 0.9290-2.3324 
Peak N02 lag 2 0.9117 0.5571-1.4921 

There were 59 subjects with wheeze who reported an absence due to respiratory illness. Adjusted for 
temperature and humidity lagged one and two days. Units are 10 ppb for 0 3 and N02 , 10 p,g I m3 for 

PMlO· 

Table 6: Relative Risk of Absence Due to Respiratory Illness in Relation to Recent Exposure 
to Air Pollutants: Subjects With Asthma Only 

Relative Risk 
Pollutant per Unit Exposure 95% C.I. 
Peak 0 3 lag 1 0.7211 0.4904-1.0603 
Peak 0 3 lag 2 1.2892 0.8739-1.9018 
Peak PM 10 lag 1 0.9266 0. 7933-1.0824 
Peak PM10 lag 2 0.8251 0.6653-1.0232 
Peak N02 lag 1 1.1096 0.8564-1.4377 
Peak N 0 2 lag 2 1.5034 1.0291-2.1962 

There were 58 subjects with asthma who reported an absence due to respiratory illness. Adjusted for 
temperature and humidity lagged one and two days. Units are 10 ppb for 0 3 and N02 , 10 p,g I m3 for 

PM1o· 
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4 The Multilevel Analytic Design 

4.1 Introduction 

Epidemiologists recognize two basic strategies for looking at the association between an 
exposure and a disease: ecologic studies, in which disease rates in groups of individuals are 
related to the average exposure rates in these groups, and analytic studies, in which 
individuals' disease outcomes are related to their own exposure values. Cohort studies and 
case-control studies are examples of the latter type. The epidemiologic literature is full of 
examples of discrepancies between the conclusions of the two types of studies. In a classic 
example, Durkheim found suicide rates in provinces of Western Europe to be highly 
correlated with the proportion of Protestants. Regression analyses of these rates produced 
an estimate of the rate ratio for Protestants relative to Catholics of 7.5, compared with a 
value of 2 estimated on an individual basis (Selvin, 1958). Similarly, numerous associations 
between cancer rates and mean consumption of various dietary factors have been found in 
ecologic correlation studies, but establishing such associations at an individual level has 
proven more elusive (Prentice and Sheppard, 1990). 

The resolution of such paradoxes usually turns on three issues: between-group 
confounding, measurement error, and restricted variability. Between-group confounding 
refers to a characteristic of groups that is not accounted for in the model but is the real 
risk factor. In the suicide example, such a factor might be the alienation felt by Catholics 
in predominantly Protestant provinces. This is the essential explanation of the "ecologic 
fallacy", in which spurious ecological associations may be caused by a tendency for the 
individuals in the higher exposure groups who get the disease not to have been exposed 
themselves but rather to have gotten the disease as a result of some other group 
characteristic. Exposure measurement error has different effects on the two types of 
studies, generally biasing associations at the individual level towards zero, but not at the 
aggregate level. Finally, studies conducted within a single group may have a restricted 
range of variation in exposure and hence limited power. Thus, in the diet example, the 
positive associations at the ecologic level might be explained by some confounding variable 
such as race that is not accounted for in the analysis, whereas the lack of association at the 
individual level might be due to dilution of a real effect by measurement error or by 
restricted variability in diet within racial groups. 

Each of these designs has advantages and disadvantages. The main advantage of the 
ecologic design is cost, but the fact that there is often greater variation in exposure 
between groups than within groups is another advantage. On the other hand, ecologic 
studies typically suffer from between-group confounding (partly because groups will be 
more heterogeneous with respect to confounders than members of groups and partly 
because data on confounders are unavailable) and the exposure data are usually of poor 
quality (e.g., food disappearance rates rather than mean intake rates). Analytic studies are 
more readily controlled for confounding factors, and have better quality data, but may 
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suffer from the effects of measurement error and restricted variability. 

Multilevel designs, in which both individual and aggregate level variables are used to 
explain individual outcomes, represent an attempt to capture the desirable features of both 
approaches. Von Korff et al., (1992) describe many ways in which multilevel analyses have 
been applied to problems in the social sciences, and recommend their application to 
epidemiology. 

The design we will discuss here is a hybrid design that we shall call the "multilevel analytic 
design". Key to this design is an analysis that exploits both levels of comparison. Exposure 
and confounder data are assembled on individuals, to have the best possible quality. The 
resulting exposure-response relations can then be tested for compatibility with the 
between-group differences in rates, and if compatible, the two analyses can be pooled for 
greater power. In particular, this allows one to assess how much of the differences in disease 
rates between groups can be explained by differences in the distribution of risk factors. 

We next provide some details about the basic design and its analysis. In the following 
section, we describe how the effects of measurement error may be incorporated. We then 
address the issue of design optimization, and provide an example with a simulation study. 
Finally, we describe an application to the USC Children's Health Study. 

4.2 The Multilevel Analytic Design and Its Analysis 

The design begins with a selection of a number of groups g = 1, ... , G, which might be 
defined by geographic areas (as in a study of air pollution), ethnicity (as in a study of 
diet), or any other factor for which group identifying data are readily available. Within 
each group, individuals i = 1, ... , !9 are selected. (For notational simplicity, we set !9 _I). 
Data on outcomes y9i, exposures x 9i, and confounders v9i are collected on each individual, 
and in addition, certain characteristics of the group X 9 may also be collected. For example, 
in an air pollution study, individual exposure information might comprise personal 
exposure estimates (e.g., ozone badges), microenvironmental sampling (e.g., in homes, 
schools, cars, outdoors), or individual exposure modifying factors such as proportion of 
time spent outdoors or characteristics of their homes (air conditioning, presence of a 
smoker, heating and cooking sources, etc.). Group exposure characteristics might include 
estimates of the ambient levels from area monitoring. The specifics of the outcomes 
(continuous or binary, cross-sectional or longitudinal) and the sampling plan for individuals 
(survey, cohort, or case-control) will vary from study to study, but are not germane to the 
issues discussed here. 

For conceptual and notational simplicity, we will assume that the outcome, exposure, and 
confounder are all univariate and continuous, and that the individuals in each group are 
chosen by simple random sampling. We also assume that the quantities of interest are 
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linearly related, that is, 
(12) 

where cx9 is the baseline outcome for group g and the Egi are independent random variables 
with E(c9i) = 0, Var(c9i) = J

2
. Interest centers on the estimation of (3, the exposure effect. 

The baseline effects cx9 may be considered fixed or random. Considering them random may 
be appropriate when the groups on which data are collected are randomly chosen from a 
larger population of groups. If effects are fixed, then one parameter for each group is 
included in the model. If effects are random, then it is necessary only to include enough 
parameters to characterize their distribution. Usually this requires only two parameters, a 
mean and a variance. Therefore it is advantageous to treat effects as random when 
appropriate, so as to decrease the number of parameters in the model, resulting in more 
accurate estimation. The true exposures x 9i and the confounders v9i may also be 
considered either fixed or random. Considering them random is appropriate, for example, 
when individual exposure is considered to be distributed around a function of ambient 
exposure and one or more exposure modifying variables, as will be described in section 4.4. 
In what follows we will consider cx9 , x9i, and Vgi to be random, and we make the following 
assumptions: 

1. The random variables o:1 , ... , etc are independent and identically distributed (e.g., the 
groups are selected by simple random sampling). 

2. The group baseline effects cx9 are independent of both x 9i and Vgi· 

In general, the true exposures Xgi will be unknown, and will be estimated by measured 
values, as discussed in the section 4.4. For the remainder of this section, in order to study 
the performance of our method under ideal circumstances, we will ignore the effect of 
measurement error, effectively assuming the true exposures to be known. We will also 
assume that the true values of the confounder v9i are known, although measurement error 
in v9i can bias the estimator of (3 (Greenland, 1980). 

Eq. (12) can be used to estimate (3, and is appropriate when the o:9 's are considered fixed. 
When the cx9 are independent random variables with E( cx9 ) = ex, Var( cx9 ) = T

2
, an 

estimator with smaller variance is obtained using the equation 

Ygi = ex+ (3x 9i + {Vgi + 'TJgi· (13) 

The error 'TJgi is equal to cx9 - ex+ Egi· The covariance matrix of rJ can be described as 
follows: Let p = T 2 /(J2 + T 2). Define I:= (1- p)l + pllr, where I is the identity matrix 
and 1 is an !-dimensional column of 1s. Define I:Bic to be the GI x GI block diagonal 
matrix, consisting of G identical blocks of the matrix I:. Then the covariance matrix of rJ 
is equal to (J2 + T2)I:BIG· The matrix I:- 1 is equal to al + bllr, where a= 1/(1- p), and 
b = -p/{[(1- 1)p + 1](1- p)}. Thus I:J3}c is a block diagonal matrix with each block 
equal to I:- 1 . 

17 



Statistical Methods for Epidemiologic Studies of the Health Effects of Air Pollution 

If p is known, the parameters a, (3, and 1 can be estimated by weighted least squares. If a 2 

and T 2 are unknown, the parameters can be estimated by a two-stage procedure. In the 
first stage, only within groups differences are used. This is accomplished by using Eq. (12) 
to estimate the parameters a 1 , ... , a 0 , (3, 1 by ordinary least squares. Denote by ~1 the 
estimate of (3 obtained from this first-stage regression, and by &2 the usual mean square 
residual estimate of error variance. The second stage regression involves only the between 
groups differences. The regression equation is obtained from Eq. (13) by averaging over i: 

(14) 

The variables fJ9 . are independent with mean 0 and variance T
2 + a 2 I I. Denote by ~2 the 

ordinary least squares estimate of (3 from Eq. (14). The mean square residual is an 
estimate of T 2 + a 2 I I, which can be combined with &2 to yield an estimate of T 2

. The 
estimators ~ 1 and ~2 are uncorrelated. Let X 1 and X 2 denote the design matrices from the 
first and second stages, respectively. Then Var(~ 1 ) and Var(~2 ) are estimated with 
appropriate elements from the diagonals of the matrices (XfXI)- 1&2 and 
(X;X2 )-

1 (&2 I I+ f 2
). The two-stage procedure is completed by computing the variance 
A A 

weighted average of (3 1 and {32 to obtain the estimator 

~pooled= Var(~2 )? 1 + Var(~1 )~2 . 
Var((31) + Var(f32 ) 

(15) 

The relationship between weighted least squares and the two-stage procedure is given by 
the following: 

Theorem: Let &2
, f 2 be the estimators of a 2

, T
2 from the two-stage procedure. Then f3pooled 

is the weighted least squares estimate of (3 when p = f 2 1(&2 + f 2
). 

Corollary: If the errors rJgi are normally distributed, then the MLE of (3 satisfies Eq. (15), 
with ~ MLE substituted for ~pooled and Var(~1 ) and Var(~2 ) evaluated at ~ MLE· 

Proofs of these claims are provided in section 4.7. The corollary suggests that Eq. (15), if 
iterated, will converge to the MLE. 

4.3 Potential Sources of Bias 

As with any model, departures from model assumptions can lead to bias. This is especially 
true with ecologic analyses, for which many different types of bias have been documented. 
In the case where exposure is binary, Brenner et al., (1992) discuss bias that can result 
from nondifferential exposure misclassification in ecologic studies. This type of bias can 
occur in both linear and log-linear models, and is always away from the null. 

Richardson et al., (1987) discuss biases resulting when the outcome is related to a 
non-linear function of exposure. They also discuss bias that results when baseline risks 
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within groups are related to mean exposures within groups. Greenland and Robins (1994) 
discuss bias resulting from nonlinearity and nonadditivity of effects. In particular, they 
show how interactions on the individual level may not be appropriately represented by the 
corresponding ecologic level interaction. That is, if the individual outcome y is related to 
individual level variables x1 and x 2 by the relation 

y = f3o + f31x1 + f32x2 + f33x1x2, (16) 

and if }Jy, JJx 1 , JJx 2 are the mean levels in a given group, then the ecologic model 

(17) 

may give biased results. 

While our model, like others, is subject to bias when its assumptions are violated, it should 
be relatively free from certain common ecologic biases due to the fact that exposure 
variables and confounders are assessed at the individual level. Therefore in the example 
given in equations (16) and (17), if we define jJ12 to be the mean level of the interaction 
term x 1x 2 in a particular group, our ecologic model would be 

/Jy = f3o + f3IJJxl + /32Mx2 + f33/Jl2, 

which does not suffer from nonadditivity bias. 

(18) 

With regard to bias resulting from a relationship between baseline risk and mean exposure 
across groups, this will not occur if our assumption of random selection of groups is met. If 
this assumption is violated, however, ecologic bias may result. 

4.4 Allowance for Exposure Measurement Error 

In many circumstances, it may not be feasible to obtain complete and error-free data on all 
individuals and hence some variables will only be available for some (randomly selected) 
subset of individuals. For example, in a dietary study, one might wish to validate the use of 
a food frequency questionnaire in the entire group by repeated 7-day records. In an air 
pollution study, it might be feasible to obtain personal monitoring or microenvironmental 
sampling data on only a sample, but questionnaire data on individual modifying factors 
might be available on the entire group. Optimization of the design would typically entail 
trade-offs between the number of groups and the number of individuals in the main study 
and in validation substudies, and the extent of the measurement protocols, subject to 
constraints on the total costs. These design issues will be discussed further below. In this 
section, we will focus on the effect of exposure measurement error. To simplify matters, we 
will ignore confounding. The extension of our results to the situation in which imperfectly 
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measured confounders are included is mathematically straightforward, but considerably 
more complex notationally. 

We make a distinction in our analysis between two types of measurement error. The first 
type, known as the "Berkson" error model (Armstrong, 1990), applies when individuals are 
assigned their group average exposures. The second type, known as the "classical" error 
model, applies when the assigned exposure is a random variable whose expected value is 
the true exposure. 

Let x 9i denote the unobservable true exposure for individual i in group g and let z9i 

indicate the measured value (e.g., from personal monitoring). The classical error model 
assumes that the measured values are randomly distributed around the true value with the 
property that E(z9ijx9i) = Xgi· As is well known (see Thomas, Stram, and Dwyer (1993) for 
a review), the classical error model produces a bias towards the null, essentially because 
the measured exposures are overdispersed (Var(z9i) = Var(x9i) + Var(z9ijx9i) > Var(x9i)). 
Thus if Var(x9i) = ¢~ and Var(z9ijx9i) = w2

, the regression on z9i produces a slope estimate 

~ that has expectation c9 = ¢~/ ( ¢~ + w2
) times the expectation of the slope of the 

regression on the Xgi· This suggests a simple correction for measurement error if these 
variances are equal and known. First fit the naive regression on z9 i and then correct the 
estimated slope coefficient by dividing it by c9 (Rosner, Willett, and Spiegelman, 1989). 
For more complex situations, for example if the variances differ between groups, a useful 
strategy is to replace the z9i's by x9i = E(x9ijz9i) = c9 z9i +(I- c9 )E(x9i) and then use 
these x9 i 's as if they were the true exposures in the regression. 

The Berkson error model assumes instead that the true exposures x 9i of individuals are 
distributed around their group estimates X 9 with the property that E(x9ijX9 ) = X 9 . Thus, 
in an air pollution study with no personal monitoring, we might assume that individuals' 
exposures are randomly distributed around the ambient levels for their communities. A 
consequence of this assumption is that, at least for linear exposure-response models, the 
regression on the measured values provides unbiased estimates of the true slope. If 
Ygi = a 9 + {3x 9i + E, then 

a9 + {3E(x9ijX9 ) + E(EjX9 ) 

a 9 + {3X9 . 

Thus, Berkson error produces no bias towards the null for linear models. 

Typically, it would not be feasible to obtain true exposure data on any individuals. Rather, 
a surrogate variable w would be obtained on everybody and higher quality measurements z 
only on a sample. The measurements are assumed to be unbiased in the classical error 
sense and might be replicated T times. In this case, it will not be possible to use the z's 
directly in modeling y because they are available on too few subjects, but they could be 
used to build a model for the relationship between z and w which could then be used for 
imputing £-values in the first stage regression. The surrogate variable w might be a simpler 
measure of x (such as a food frequency questionnaire) or it might be a personal modifier of 

20 



W.M. Navidi et al. 

a group exposure characteristic X (for example, percent time spend outdoors in an air 
pollution study could modify the ambient pollution level). 

To give a concrete example of this imputation procedure, assume that at times 
t = 1, 2, ... , T we have measurements of a group exposure characteristic X 9t for each group, 

and for a subset of individuals we have an exposure modifying variable Wgit and an 
exposure measurement Zgit· We assume that X and w are assessed without error, and z has 

a classical error structure in relation to true exposure x. For the sake of simplicity, we will 
consider that the replicate measurements have been averaged over time, and we will drop 
the subscript t. We assume the following relationships: 

Xgi rv N(Xg + 6o + 61Wgi, ¢2
) 

Zgi rv N(xgi, w2
) 

(19) 
(20) 

We assume that w2 is known from other studies or from another set of replicate 
measurements, but that 60 , 61, and ¢2 are unknown. Combining Eqs. (19) and (20) yields 

(21) 

from which we can obtain unbiased estimates of 60 , 61, and ¢2 (since w2 is known). We 

then estimate x 9i as Xgi= X 9+ J0+ J1 w9i, which is an unbiased estimator of E(x9i IX9 , w9i) 

since J0 and J1 are unbiased. 

Allowing for measurement error complicates the two-stage procedure for estimating the 

parameter (3 as follows. We assume 

Ctg rv N(a, T 2
) 

Y9i rv N(a9 + {3x9i, a 2
) 

(22) 

(23) 

where a, T
2

, and a 2 are unknown. Since the x9i are also unknown, we replace them with 
their estimates x9i when fitting the model. The first stage model is thus: 

where the Egi are independent normal random variables with E(c9i) = 0 and 

Var(E9i) = a 2 + (32E[(x9i - x9i) 2 IX9 , w9i]· 

(24) 

Since Var(E9i) depends on g, i, and on the unknown parameter {3, the model Eq. (24) may 
be fit by iteratively reweighted least squares (IRLS). In order to use this procedure, we 

must first express the weights Var(Egi) in usable form. Let v(Jo), v(J1), and C(Jo, J1), be 

the estimates of Var(J0 IX9 , { w9i} ), Var(J1IX9 , { w9i} ), and Cov(J0 , J1IX9 , { w9i} ), 
respectively, calculated from regression model Eq. (21). Since x9i ~ E(x9iiX9 , w9i), Var(E9i) 

can be approximated by V* = a 2 + {32Var(x9iiX9 , w9i) ~ a 2 + {3 2W 9i where 

W9i = V(J0 ) + 2w9iC(J0 , Jl) + w;iv(Jl) + ¢2
. The IRLS procedure is then conducted as 

follows. Set Q-2 and ~ to arbitrary initial values, then fit model Eq. (24) by weighted least 
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squares regression using weights v*- 1
. This produces an updated estimate rP) of {3, and 

fitted values y~~l. To obtain an updated estimate of a 2
, take the average of the values 

(y9i - y~~l) 2 
- (~( 1 )) 2W9i and then repeat the entire process. 

Let &9 , ~1 , and &2 be the estimates of a 9 , {3, and a 2 obtained from the first-stage model 
Eq. (24). Let W be the diagonal matrix whose diagonal elements are &2 + ~1 Wgi· Let X be 
the design matrix corresponding to the first-stage model Eq. (24). The usual estimate of 
the covariance matrix of &9 , ~1 is (xrw-1 x)- 1

, which is accurate when the substudy 
sample is reasonably large (see simulation results below). 

The second-stage model is obtained from Eq. (24) by averaging over i and by replacing a 9 
with its mean a to obtain 

Yg. = a + {Jxg. + r;g (25) 

where x9 . = I-1 L-{=1 x9i, and r;9 are independent random variables with E(r;9 ) = 0 and 

(26) 

The expectation on the right hand side of Eq. (26) may be estimated with W9 ., the average 
of the W9i described above. 

The second-stage model may also be fitted by IRLS, updating {3 as in the first-stage 
regression, and updating the sum r 2 + a 2 I I as a single quantity. After convergence, a 
separate estimate of r 2 can be obtained by combining the estimate of r 2 + a 2 I I with the 
estimate of a 2 from the first-stage regression. Let ~2 be the estimate of {3 from the 
second-stage regression. The covariance matrix of & and {32 can be obtained in a manner 
analogous to the method described above for the first-stage model. 

A A 

If the true weights were known and did not depend on {3, the estimates {3 1 and {3 2 would be 
uncorrelated. When variables are normally distributed, they are nearly uncorrelated when 
the weights are estimated as well (simulation results, not reported). For many applications 
in environmental epidemiology, it is more appropriate to assume that true exposures are 
nonnegative and lognormally distributed and that measurement errors are lognormally 
distributed and multiplicative. Furthermore, the individual exposure modifiers w9i might 
also be assumed to act multiplicatively on the group means X 9 . All this can be 
accomplished without any new theory simply by redefining x, X, and z to be the 
logarithms of their respective quantities. 

4.5 Design Optimization 

At the design stage, the epidemiologist needs to consider the trade-off between the number 
of groups and the number of subjects per group, the selection of the specific groups to be 
included, the number of subjects in the main study versus the number in the validation 
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sample, and the number and complexity of measurements to be made on each sample. 
These are important issues that have been given only limited attention in the context of 
analytic studies and none in the context of ecologic or hybrid designs. For analytic studies, 
Greenland (1988) and Spiegelman and Gray (1991) have considered the trade-offs between 
numbers of subjects in the main and validation studies and have provided explicit formulae 
for determining the optimal design where it is planned to use measurement error 
adjustment methods in the analysis like those described above. Rosner and Willett (1988) 
considered the trade-off between numbers of subjects and numbers of replicate 
measurements in a validation study. 

For linear models with a continuous normally distributed outcome, ignoring confounding at 
the individual and group levels, measurement error, and assuming exposure is assessed only 
at the group level, the power of the study can be computed as a function of four quantities: 
the number of groups G, the number of subjects I sampled in each group, the true R2 

between group mean exposure and group mean outcome, and the ratio VR = Vw/VB, 
where Vw and VB are outcome variances within and between groups, respectively. Given 
these quantities, we computeR;= IVBR2 /(Vw + IVB), the squared correlation between 
group mean exposure and the average outcome among the individuals sampled from the 
group. The quantity R; is less than R 2

, because the sample mean outcome rather than the 
true group mean outcome is used. The power to detect a nonzero R 2 is calculated by using 
Fisher's transformation of R;. 
Table 7 illustrates the results for a variety of choices of the model and design parameters. 
It is clear that the power is much more strongly influenced by the number of groups than 
by the number of subjects. For a logistic model for binary outcomes, the power also 
depends on the overall disease frequency, but the same basic result emerges - the power of 
the aggregate analysis depends much more strongly on the number of groups than on the 
number of subjects per group. 

Table 8 provides similar power calculations for testing a partial R 2 for the individual 
regression after removing group effects, again using Fisher's transformation. The power of 
these analyses depends only on the total number of individuals and it is clear that with 
sample sizes in the thousands, there is adequate power for detecting very small 
correlations. However, it is important to note that these are the correlations with the 
measured exposures, which could be severely attenuated by measurement error. 

To provide further guidance for the design of the USC Children's Health study, we 
undertook a limited simulation study. For this purpose, we varied the number of groups G, 
the number of subjects per group in the main study I, and the number of subjects per 
group in the exposure substudy S. Relationships amongst the variables were as given in 
Eqs. (19-23), with the ambient levels X 9 , X 9t and individual modifiers w9i, Wgit being 
normally distributed. For each choice of design parameters, 1000 replicate data sets were 
simulated and analyzed using the methods described above. We tabulated the bias and 
variance of the parameter estimates from the individual level regressions (with and without 
adjustment for measurement error), the ecologic regression, and the proposed pooled 
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Table 7: Statistical Power of Between-groups Comparisons 

R 2 for Between-groups Regression 
R = 0.1 R = 0.3 R = 0.5 

G G X I VR= 10 VR = 100 VR= 10 VR = 100 VR= 10 VR = 100 

5 1000 0.12 0.10 0.21 0.18 0.33 0.28 
4000 0.12 0.11 0.22 0.20 0.34 0.32 

10 1000 0.21 0.15 0.46 0.32 0.72 0.54 
4000 0.21 0.19 0.48 0.43 0.75 0.68 

20 1000 0.34 0.20 0.75 0.45 0.96 0.73 
4000 0.37 0.29 0.80 0.68 0.97 0.92 

40 1000 0.52 0.23 0.94 0.54 1.00 0.84 
4000 0.60 0.41 0.97 0.86 1.00 0.99 

G is the number of groups, and I is the number of individuals per group. V R = Vw /VB, where Vw is the 
within-groups outcome variance and VB is the between-groups outcome variance. 

combination of the two regressions. 

The design parameters were chosen to approximate those being considered for the USC 
Children's Health study, and the model parameters were then adjusted to illustrate a 
hypothetical situation in which the two approaches to estimation would be roughly equally 
informative. The true parameter values for the simulation are given in a footnote to 
Table 9. Table 9 illustrates the effect of modifying the design parameters under the 
constraint that the total number of measurements G(I + SM) be fixed at 3000. Under the 
assumptions of the simulation, measurement error is minimized when one measurement is 
taken per individual in the substudy. Therefore we set T = 1. All parameter estimates 
appear to be nearly unbiased. The columns labeled "sample SD" give the sample standard 

Table 8: Statistical Power of Within Groups Comparisons 

G X I R 2 = 0.001 R2 = 0.005 R 2 = 0.01 R 2 = 0.05 
1000 0.26 0.72 0.94 1.00 
2000 0.41 0.94 1.00 1.00 
4000 0.64 0.99 1.00 1.00 
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Table 9: Standard Errors of Parameter Estimates in the Presence of Measurement Error 

SE($1 ) SE($2 ) SE($ ooled) 

Sample Nominal Sample Nominal Sample Nominal 
G I s SE SE SE SE SE SE 
6 200 300 0.19 0.15 0.32 0.30 0.15 0.13 

12 100 150 0.19 0.15 0.19 0.19 0.13 0.11 
24 50 75 0.19 0.15 0.14 0.14 0.11 0.10 
48 25 38 0.18 0.15 0.11 0.11 0.092 0.086 

6 400 100 0.24 0.11 0.30 0.30 0.19 0.10 
12 200 50 0.25 0.11 0.18 0.18 0.16 0.090 
24 100 25 0.24 0.11 0.12 0.12 0.12 0.080 
48 50 13 0.23 0.11 0.092 0.092 0.10 0.069 

G is the number of groups, I is the number of individuals per group in the main study, and S is the number 

of individuals per group in the exposure validation substudy. 

1000 data sets were generated for each value of G, I, and S. 

Exposures measured subject to error; measurement error variance estimated in substudy. 

True parameter values are ¢2 = 1.0, w 2 = 25.0, T 2 = 1.0, a 2 = 25.0. In addition, Var(X9 ) = 4.0, 

Var(X9t IX9 ) = 0.25, Var( w9i) = 1.0, and Var( Wgit lw9i) = 0.25. 

deviation of the 1000 parameter estimates. The columns labeled "Nominal SE" give the 
square root of the average of the 1000 conditional variance estimates obtained from the 
covariance matrix estimator (xrw- 1 X)- 1 . Each block of the table shows the effect of 
varying the number of groups an<_i the number of subjects per group. In agreement with 
Tables 7 and 8, the efficiency of /32 improves rapidly as the number of groups increases, 

whereas /31 depends only on the total number of subjects. Comparing the two blocks 
illustrates the trade off between the number of subjects in the main study and validation 
substudy. The second-stage estimator is relatively insensitive to this parameter, while the 
first-stage estimator is improved by having a larger proportion in the validation study. 

4.6 Application to the USC Children's Health Study 

In January 1992, the California Air Resources Board (CARB) awarded a contract to the 
University of Southern California to initiate a 10-year cohort study of the health effects of 
air pollution in Southern California. The study enrolled a cohort of about 3500 school 
children from 12 communities selected so as to represent a variety of types and levels of air 
pollution that are represented in the basin. The primary focus of the study is on the effects 
of chronic exposure to one-hour peak ozone (03 ), but particulates (PM 10 ), nitrogen dioxide 
(N02 ), acids (H+), and other pollutants are also being measured. Health outcomes 
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measured annually include varivus lung function tests, symptoms reported by 
questionnaire, and absences abstracted from school records. 

4.6.1 Community Selection 

Some preliminary power calculations based on assumed values for true effects indicated 
that for studying a single pollutant, it would be necessary to have at least 10 groups for 
power to be adequate. We carried out further calculations along similar lines to assess the 
prospects for doing multivariate analyses of two or more pollutants and concluded that it 
would be possible, provided groups could be selected in such a way that the correlations in 
pollutant levels across groups were not too large. Thus, the optimal choice would have to 
take account of the actual levels of exposure to each of the pollutants we wished to assess. 

Fortunately, extensive data were available on the four highest priority pollutants from the 
CARE's monitoring program. Year-round average levels for the period 1986-1990 were 
obtained from 86 monitoring stations scattered across Southern California. (For some 
pollutants, notably acids, the values had to be interpolated from other stations on an 
inverse-distance weighted basis). Our initial selection of sites was based on the intuitive 
notions that (1) we wished to maximize the dispersion of each of the pollutants, and (2) we 
wished to represent as many combinations of high and low levels of each pollutant as 
possible. 

For each pollutant, we calculated the mean level over the 86 communities, then for each 
community, we converted the pollution levels to standard units. Each community was 
assigned a "profile" by recording it as either above ( +) or below (-) the mean level for 
each pollutant. For a design based on all four pollutants, there were thus 24 = 16 possible 
profiles, of which demographically suitable examples could be found for 7 of them. Within 
each profile, we then selected from one to three communities whose sum of squared 
standardized pollution levels were large. Table 10 describes the characteristics of the 
communities that we judged to be the most suitable on this basis, under the constraint 
that we could afford to study no more than twelve. This selection process differs from the 
one described above in that the groups were not randomly chosen. Thus the group effects 
must be considered fixed rather than random. 

In order to compare alternative designs based on different selections of priority pollutants, 
we then carried out a further simulation study, based purely on the second stage ecologic 
regression, but allowing the actual pollutant levels to differ from the measured values 
subject to a covariance structure estimated from the observed data. Table 11 summarizes 
the results of this simulation, which led us to the conclusion that, if all four pollutants had 
health effects, then the optimal design would need to be based on all four. This design 
appears to have adequate power for detecting differences in mean FEV 1 of about 3-5% 
between the high and low communities for each of the four pollutants in multivariate 
analysis, assuming that one-third of the variance in FEV 1 is explained by variation in the 
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Table 10: Characteristics of the Communities Selected for the University of Southern 
California Children's Health Study 

Community Profile Annual Mean Level Demographic Characteristics 
03 PM10 N02 H+ %White % Age 5-18 People/Room 

Glendora ++++ 109.2 67.0 39.1 2.93 89 20 
Upland ++++ 92.0 75.6 44.6 3.09 75 22 
Mira Lorna +++- 95.1 84.9 32.8 1.05 68 24 
Riverside +++- 95.1 84.9 32.8 1.05 77 22 
Perris ++-+ 81.3 60.1 15.4 1.99 73 23 
Lancaster ++-+ 70.8 47.0 13.2 3.16 81 21 
Lake Gregory +-++ 98.8 38.3 23.6 2.26 95 22 
Alpine +--- 80.5 37.4 16.7 1.18 93 19 
North Long Beach -+++ 45.2 49.5 44.8 2.43 58 18 
Santa Maria ---- 30.2 28.0 7.7 0.91 66 20 
Santa Barbara ---- 30.4 31.0 10.4 0.91 84 19 
Lompoc ---- 34.8 30.0 1.6 0.91 72 21 

In the "Profile" column, a "+" signifies that the pollution level is above the mean level of the 86 communities 

considered, a "-" signifies that the pollution is below that level. 0 3 and N02 are measured in ppb on a mass 

basis. PM10 is measured in JLg/m3 . H+ is measured in ppb on a molar basis. The communities of Glendora, 

Perris, and Santa Barbara elected not to participate in the study, and were replaced by San Dimas, Lake 

Elsinore, and Atascadero, whose pollution characteristics were similar. 

pollutants, and that 0 3 and PM 10 each contribute twice as much to the health effect as do 
N02 and H+. Alternative designs that ignore one or more of these pollutants (with the 
same total number of communities) may slightly increase the variability of the pollutants of 
primary interest, which normally would be expected to yield an improvement in power. 
However, they also substantially weaken the power for controlling the confounding effect of 
the omitted pollutants and therefore in most instances reduce the power for the effects of 
interest in a multivariate analysis. 

To determine whether we could significantly improve our selection of communities under 
the four-pollutant design, we conducted a final simulation along similar lines, starting with 
the choice given in Table 10 and in a stepwise fashion considered replacing each of the 
twelve communities by each of the remaining candidates. This led to the conclusion that, 
under an optimality criterion that maximized the sum of the powers for the four 
pollutants, it was theoretically possible to improve the design further by changing 5 of the 
12 sites. This alternative choice attained better overall power by substantially reducing the 
correlations among the exposure variables. However, it did so at the expense of 

0.50 
0.58 
0.62 
0.51 
0.62 
0.54 
0.51 
0.48 
0.59 
0.61 
0.50 
0.58 
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Table 11: Comparison of Power to Detect Effects of Four Priority Pollutants from Alternative 
Choices of Sites 

Community Selection 
Based On 

03 PM10 H+ 
03 PM10 N02 
03 PM10 N02 H+ 

Random 
03 PM10 
03 PM10 N02 
03 PM10 H+ 

Original 

Pollutants Included 
in Model 

03 PM10 N02 H+ 
03 PM10 N02 H+ 
03 PM10 N02 H+ 
03 PM10 N02 H+ 
03 PM10 N02 H+ 
03 PM10 N02 H+ 
03 PM10 N02 H+ 
03 PM10 

G Power 
03 PM10 N02 H+ 

12 0.88 0.66 0.23 0.28 
12 0.89 0.89 0.40 0.30 
12 0.78 0.87 0.58 0.77 
12 0.34 0.61 0.34 0.37 
8 0.48 0.33 0.14 0.14 
6 0.07 0.08 0.06 0.06 
6 0.13 0.10 0.07 0.07 
5 0.22 0.23 

G is the number of groups in the study. 

substantially reducing the variance of each exposure. Since we were unsure of the validity 
of the correlation estimates because many of the entries were based on interpolation, and 
since the overall improvement in power was modest, we decided to retain our original 
selection. Essentially, we judged that the primary objective of the study was to maximize 
the overall power to detect any air pollution effect and that the separation of the effects of 
particular pollutants was of only secondary importance, after having demonstrated an 
overall effect. We therefore felt that it was more important to maximize the variance in 
exposures than to minimize their covariances. 

4.6.2 Exposure Modeling 

The measurement protocol entails a combination of ambient monitoring, personal 
monitoring, microenvironmental sampling, and questionnaire assessment of personal 
modifying factors. Ambient data is routinely collected by the CARB for each of the 
communities, and provides long-term average levels throughout the study as well as 
historically. The questionnaire is administered to all subjects annually and includes items 
on residence history, usual indoor and outdoor times and activities and household 
characteristics (smoking by family members, air conditioning and heating, air exchange, 
sources of indoor pollution, etc.). Protocols for personal monitoring and 
microenvironmental sampling are still under discussion, and for this reason, we have not 
yet had the opportunity to bring the full force of our methods to bear on this study. We 
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describe below our analysis plan. 

The goal of the analysis will be to combine these various data sources in such a way as to 
provide estimates of individual and group mean exposures for the first- and second-stage 
regressions described above, including estimates of measurement error distributions for 
adjustment purposes. The actual form of the models to be used is still under development, 
since it depends on the protocols adopted for the determination of personal exposure. To 
illustrate the general approach, we make some simplifying assumptions that will be 
remedied in our final analyses. 

First, we assume that the relevant exposure variable is the long-term arithmetic mean (i.e, 
the time-weighted average, TWA). We also assume that ambient levels, true personal 
exposures, and measurement errors are lognormally distributed. Finally, we assume that 
the ratio of personal exposures to ambient levels is described by a multiplicative factor that 
depends loglinearly on the personal modifying factors. The basic relationships are thus as 
described in Eqs. (19)-(24), except for the additional complexities introduced by the 
lognormal assumptions. Using the estimates from this model, we can compute for each 
subject in the main study the TWA, E( exgi IX9 , w 9i), for use in the first-stage regression, 
together with the average over all subjects of these TWAs for use in the second-stage 
regression. Whether it will be possible to assess exposure effects at an individual level in a 
longitudinal analysis will depend primarily on the ability of the exposure model to 
accurately predict personal exposures. We have been successful in assessing exposure 
effects in the cross-sectional phase of the study, using lifetime exposures inferred from 
historical ambient measurements and residential histories. Even if it is not possible to 
assess exposure-response relations at an individual level, however, the use of average TWAs 
rather than X 9 in the second stage should lead to more reliable estimates, because 
communities with different exposure patterns are likely to differ substantially in modifying 
factors such as use of air conditioning and proportion of time spent outdoors, because of 
major differences in climate across Southern California. 

4.6.3 Estimation of Health Effects 

We present an illustration of the multilevel procedure using the pulmonary function data in 
the USC Children's Health Study. More than 3500 children from 12 Southern California 
communities underwent spirometric assessment of pulmonary function. We determine the 
relationship between the measured FEV1 and lifetime exposure to 0 3 . Lifetime exposure 
waf.; assessed by compiling a residential history on each subject, then consulting historical 
records to determine the ambient levels of pollutants during each month of the subject's 
life. 

The model ased to analyze the data adjusted for exposure to the -eollutants PM10 and 
I:J02 , and for age, sex, rc~ce, height, and weight. The results were {31 = -1.87 ± 0.91, 
/32 = -0.16 ± 0.97, and /3pooled = -1.07 ± 0.66. 
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We were fortunate in the USC Children's Health study that, due to considerable levels of 
migration in Southern California, there was a large degree of variation within each 
community in the lifetime exposure to the pollutants under study. Therefore the individual 
level analysis provided a good level of efficiency for studying the effects of lifetime 
exposure, so we did not combine it with ecologic analysis in the Phase II report of this 
study (Peters, 1996). As described above, we expect the multilevel analytic design to play 
a considerable role in the longitudinal phase of the study. 

4.7 Proofs 

Proof of Theorem: We prove the theorem for a more general case with an arbitrary 
number of confounders. The model is 

Ygi = a + (3x 9 i + V 1 + 'Tfgi 

where V is a matrix of confounder variables. Let a2 and f 2 be estimates of a 2 and T
2

, and 
let f.BIG be the corresponding estimate of ~BIG· 

A -1/2 A -1/2 
Assume without loss of generality that ~BIG x is orthogonal to ~BIG V. Otherwise, replace 

x with x- V(vrt;~G v)- 1Vrt;~Gx and reparameterize the confounders I· The 
weighted least squares estimates of a and (3 are the values minimizing 

T A -1 
(y- a- (Jx) ~Bic(y- a- (Jx) 

which is equal to 
G 

L(Y9 - a- f3x 9 f"t- 1
(y9 - a- (3x9 ) 

g=1 

where y 9 = (y91 , ... ,y9If, and x 9 is defined similarly. 

Let p = f 2 /(a2 + f 2
), a= 1/(1- p), and b = -p/(1- p)(1 +(I- 1)p). Substitute 

A -1 
(al + bllT)/(a2 + f 2

) for~ in Eq. (28) to obtain 

Algebraic manipulation yields 

(27) 

(28) 

(29) 

a G I fa+ J2b G 

A2 + A2 L L[Ygi- Yg.- (J(xgi- Xg.w + A2 + A2 L[Yg.- a- (Jxg.f (30) 
a T g=1 i=1 a T g=1 

Substitute appropriate expressions for a and b in terms of a2 and f 2 to obtain 

1 G I 1 G 

~ L L[y9,- f}9 . - f3(x 9,- x9.)]
2 + (;-2 /I+ f 2 L[Y9.- a- (3x 9.f (31) 

a g=1 z=1 g=1 
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Differentiating with respect to o: and (3 and setting partial derivatives equal to 0 shows 
that the value of (3 minimizing Eq. (31) is 

Let Vs
1 

= D- 2 /'£9 Li(x9i- x9.)
2 be the estimate of ~1 and let 

Vs
2 

= (D-2 /I+ f 2 )/'£9 (x9.- x.Y be the estimate of ~2 from the first- and second-stage 
models, respectively. 

Multiplying numerator and denominator of Eq. (32) by Vs
1 
Vs

2 
shows that 

Proof of Corollary: If 77 rv N(O, ~:B}c), then the MLEs of o:, {3, O", and T are the values 
m1mm1zmg 

L(o:, {3, O", r) =log (det(~Bic)) +(y-o:- (Jx)T~:B}c(y- o:- (Jx). (33) 

L(o:, (3, O", r) = L(o:, {3, O", v) G(I- 1) log(0"2
) + ;2 '£~= 1 '£[=1 [Y9i- 1}9.- f3(x9i- x9.)F 

+ G log( 0"2
) + v\ '£~=dY9 . - o: - f3x9.]2. 

For any given value of (3, the values of o:, (3, O", and v minimizing L are 

Y .. - f3x .. 
'£~=1 '£[=1 [Ygi - Yg. - f3(xgi- xg.W 

G(I- 1) 

'£~=1 [Yg. - Y .. - f3(x9. - x..)F 
G 

(34) 

For given values of 0"2
, v 2

, it follows from the theorem that the value of (3 minimizing L is 

~ = '£ 9 Li(x9i- x9.)(Y9i- 1}9.)/0"2 + '£9 (x9.- x..)(y9.- Y .. )/v2 

Lg Li(xgi- Xg.) 2 /0"2 + Lg(Xg.- x.Y/v2 
' 

which is Eq. (15). 
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5 Measurement Error in Air Pollution Exposure 
Assessment 

5.1 Introduction 

In epidemiologic studies, cumulative exposure during a period of time is generally thought 
of as the integral of the function that expresses the concentration of the substance to which 
the subject is exposed in terms of time. This can be written 

E = loT C(t)dt. 

Exposure assessment methods attempt to estimate the integral on the right hand side 
of (35). 

(35) 

We considered the assessment of cumulative exposure to an air pollutant over a fixed time 
interval. We studied two classes of methods, the indirect or microenvironmental approach 
(Fugas, 1975; Duan, 1982), and the direct or personal sampling approach (e.g. Koutrakis et 
al., 1991, 1993). Using a simple model for true exposure, we compared the accuracy of 
exposure assessments under each method under a variety of assumptions about the 
magnitudes of the measurement errors involved. We also assessed the impact of these 
errors on a hypothetical model that describes the effect of exposure on a health outcome. 

5.2 The Microenvironmental Method 

In the microenvironmental method, the region occupied by an individual during the time 
period of interest is divided into a number of microenvironments, e.g. home, school, office, 
car, outdoor areas, etc. The cumulative exposure is expressed in terms of the 
concentrations of the pollutant of interest and the lengths of time spent in each 
microenvironment. Let M1 , ... , Mn represent a complete list of the microenvironments 
occupied by an individual, let tm be the length of time during which microenvironment Mm 
is occupied, and let Cm be the average concentration of the pollutant of interest in Mm 
during the time that Mm is occupied. Then 

(36) 

Estimation of E involves specifying the microenvironments, then estimating the 
concentrations Cm and the times tm. Estimates of the Cm are generally based on measured 
ambient levels in outdoor locations, indoor levels, and indoor emission strengths. Estimates 
of the tm are generally based on questionnaires or diary information. There are several 
exposure models available to compute the estimates of Cm and tm. They can be classified 
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as statistical models, physical models, and physical-stochastic models (Sexton and Ryan, 
1988; Ryan, 1991). Statistical models are based on statistical analyses of actual exposures 
and factors thought to influence them. Physical and physical-stochastic models are based 
on physical laws. Examples include the SHAPE model (Ott, 1984; Ott et al., 1988), the 
NEM and pNEM models (Johnson and Paul, 1983; McCurdy and Johnson, 1989), the 
SIMSYS model (Ryan et al., 1986), the NEM-SAI (Hayes 1989), and the REHEX model 
(Winer et al., 1989; Lurmann et al., 1989, Lurmann and Colome 1991). Some models, such 
as pNEM and REHEX, also estimate the dose received by the subjects as the product of 
the concentration and the ventilation rate. Dose may be a more relevant metric than 
exposure for epidemiologic research and ultimately all exposure models may need to 
address this parameter. However, the current analysis is limited to exposure in order to 
reduce the complexity of the analysis and because errors in assignment of ventilation rates 
are likely to be large. 

In most models, the microenvironmental concentration is expressed as the product of the 
ambient level in an outdoor location and a proportionality factor (e.g. indoor/ outdoor 
ratio), plus a term representing the contribution from non-ambient sources in the 
microenvironment. Thus, the microenvironmental concentration can be expressed in the 
form 

where A is the ambient level, fm is an estimated constant of proportionality expressing 
microenvironmental concentration as a fraction of the ambient level, and Sm is the 
concentration from non-ambient sources. 

(37) 

Efforts to validate microenvironmentally based methods of exposure assessment have been 
quite limited. There is some evidence that these models tend to estimate mean population 
exposure well, but are rather inaccurate in describing the tails of the distribution (Ott et 
al., 1988). No physical model has been adequately evaluated for ozone (Strock et al., 1985; 
Johnson et al., 1990; Liu et al., 1993; Liu et al., 1995, McCurdy 1994). 

5.3 The Personal Sampling Method 

Integrated personal sampling devices (badges) are instruments worn by individuals that 
attempt to measure the exposure of the individual to a pollutant. Continuous instruments, 
which can provide 1-minute average concentrations for up to 48 hours of sampling, are 
available for personal sampling of some pollutants, such as carbon monoxide. Development 
of continuous ozone monitors has begun (Penrose et al., 1994; Topham et al., 1992). Most 
personal sampling devices, however, can only measure the cumulative exposure over the 
period that they are worn. Both passive and active (pumped) badges are manufactured. 
Passive badges consist of a diffusion barrier followed by an impregnated filter with which 
the depositing pollutant reacts. Recently developed passive ozone badges include the 
Koutrakis sampler (Koutrakis et al., 1991, 1993; Liu et al., 1994), the DGA ozone badge 
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(Grosjean and Hishani, 1992), and the Kanno-Yanagisawa ozone badge (Kanno et al., 
1992). Passive badges are also used for sampling N02 (Palmes et al., 1976) and 
formaldehyde (Geisling et al., 1982). Most personal samplers for particulates are active, 
involving the pumping of air through a filter that traps the particles. The filter is weighed 
both before and after sampling to determine the concentration. Avol et al. (1989) 
evaluated a pumped ozone badge that uses a solid monitoring reagent. The reagent 
develops a visible color change that is quantifiable with acetone extraction and 
spectrophotometric analysis. They concluded that this sampler was appropriate only for 
exposure periods of a few hours or less. Geyh et al. (1994) have reported on an active 
ozone sampler that is suitable for sampling periods up to 48 hours and is more accurate 
and precise than the Koutrakis passive sampler. 

Integrated personal sampling devices are subject to several types of measurement error. 
Probably most serious for passive badges is sensitivity to wind velocity, since wind blowing 
into the badge effectively reduces the length of the diffusion chamber, increasing the 
deposit rate. Readings can vary according to badge placement. Placement near the nose is 
probably most accurate, but not necessarily most practical. Finally interference with other 
pollutants can occur. Personal samplers are probably less accurate for ozone than for other 
pollutants, both because personal ozone sampling technology is new, and because ozone is 
more reactive than most other pollutants. 

5.4 Modeling the Microenvironmental and Personal Sampler 
Methods 

The microenvironmental and personal sampling methods differ with respect to two 
principles. First, in the microenvironmental method, concentrations are measured with a 
model chosen by the experimenter. Thus many different exposure metrics can be handled. 
The method may be used to estimate peak exposure or proportion of time above a certain 
concentration, as well as cumulative exposure. In contrast, integrated personal sampling 
devices can only measure cumulative exposure for most pollutants. The second difference, 
which is quite important, is that while the microenvironmental method requires 
specifications of microenvironments and estimation of time durations, both of which are 
subject to error, the personal sampler always spends the correct amount of time in each 
microenvironment. Thus in terms of equation (36), the personal sampler is subject to error 
only in the measurement of the Cm, while the microenvironmental method is subject to 
measurement errors in the tm as well. 

To make a more detailed comparison of the two procedures, we model the measurement 
error in each, as well as the true exposure process. In practice there may be other sources 
of error, such as non-response bias, that might affect the accuracy of these procedures. We 
do not consider these here. We model a study involving I hypothetical communities with J 
subjects in each community, and we assume that each subject spends time in K 
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microenvironments. Let Ai be the true ambient ozone level in community i. For each 
microenvironment m = 1, 2, ... , K, let fijm be the concentration in microenvironment m to 
which subject j in community i is exposed, expressed as a fraction of the ambient level Ai, 
and let tijm be the duration of time spent in microenvironment m by subject j in 
community i. We ignore the contribution from non-ambient sources. It follows that the 
true exposure of subject ij is given by 

(38) 

We model the assessment processes of both the microenvironmental and the personal 
sampling methods. We assume that estimated values of fijm and tijm are normally 
distributed around the true values with a standard deviation proportional to the true 
value. Since these values are subject to physical constraints, e.g. indoor/outdoor ratios are 
generally required to lie between 0 and 1, we must assume that the standard deviations are 
small enough so that virtually all of the mass of the normal curve lies within these limits. 
This is the case for the standard deviation values we used in our simulations below. For the 
personal sampling method we specify a standard deviation v, then generate an estimate 
ji~m rv N(fijm, v2 fi~m) for each subject and microenvironment. The personal sampling 
estimate of exposure is then 

(39) 

For the microenvironmental procedure, we specify a standard deviation TJ, then generate 

an estimate l/fm rv N(fijm, TJ fi~m) for each subject and microenvironment. To model the 
errors in estimating the tijm, we specify a standard deviation Tt, then generate random 
errors Eijm rv N(O, Tltfjm) for each subject and microenvironment. We then set the 

. tAM - ""K /K I h' ""K tAM - ""K . d estimate ijm - tijm + Eijm - L..m=I Eijm . n t IS way L..m=I ijm - L..m=I tijm as reqmre . 
The microenvironmental estimate of exposure is 

( 40) 

Under our model, the estimates l/fm, itfm, and ji~m are unbiased, and for any given subject 

and microenvironment, the values l/fm and itfm are independent. It follows that E{; and 

E[f are both unbiased for the true exposure Eij, so the performances of the two estimators 

can be measured by comparing their variances. The variance of E{; is 

Var(E{;) = l:=~=Iv2 fi~mtTjmAi 2 · (41) 

The variance of E[f is more complicated, since two random errors are involved, and since 

the errors in the itfm are correlated. Let :E be the K x K covariance matrix of the itfm· 
The kl element of :E is 

C (t(M) t(M)) _ { Tll:=~=I (tijm/ K) 2
- tfjk/ K- t[jl/ K if k -::/: l 

ov ijk ' ijl - T2""K (t /K) 2 + (K- 2)t2 /K if k = l t L..m=I tJm tJk · 

(42) 
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Let fij be the vector (Jijl, ... , ]ijK) considered as a column. The variance of E['J is 

5.5 Estimating Health Effects- A Simulation Study 

To assess the impact of measurement error on the estimation of health effects, we analyzed 
a linear model in which a health outcome (e.g. FEY 1) is modeled as a linear function of 
exposure. We assume we have J subjects in each of I communities. The model is 

(44) 

where Fij is FEV1 (or other health outcome) measured on the )th subject in the ith 
community, expressed as a percentage of a baseline value for that subject. The baseline 
may be derived from other measurements of the same subject taken under relatively 
pollution-free conditions, or from measurements on a control group matched on variables 
such as height, weight, sex, race and age. The value ai is a community-specific intercept, 
Eij is the true exposure of subject i), and Eij is a random error. 

In order to perform the simulation, we specified values for the parameters in the model. 
We set the number of communities I to 12 and the number of subjects J per community to 
300, to match the California Air Resources Board Children's Health Study. For the sake of 
simplicity, we assumed that each subject spends time in only three microenvironments: 
home, school, and outdoors. To compute "true" exposures Eij, we specified values fijm, 
tijm, and Ai as follows: For the Ai we took the average daily maximum ozone 
concentrations during the years 1986-1990 for the 12 communities in the CARB Children's 
Health Study. These communities and the corresponding ambient levels are given in 
Table 12. To generate true values for the fijm, we specified a mean p, and a standard 
deviation a- for the ratios of the concentrations in each microenvironment to the ambient 
level Ai measured at a monitoring station. These specifications were based on the available 
literature on indoor/outdoor ozone ratios. Yocum (1982) concluded in a review that 
indoor/outdoor ratios generally fall between 0.1 and 0.7. Druzik et al. (1989) found ratios 
ranging from 0.24 to 0.75 for a variety of buildings. Wechsler (1989) studied three indoor 
sites with very different ventilation rates and found ratios ranging from 0.24 to 0. 71. There 
appears to be little work available on residences as opposed to public buildings. To be 
consistent with published findings for buildings, we specified a mean ratio p, = 0.5 and a 
standard deviation of a-= 0.1 for schools. For homes we took p, = 0.5 and a-= 0.15, on the 
assumption that ratios would vary somewhat more from house to house than from school 
to school. Somewhat arbitrarily, we took p, = 1 and a- = 0.2 for ratios of outdoor 
concentrations to the values Ai measured at monitoring stations. Then for each subject i) 
and each microenvironment m, we generated a true value fijm by generating an observation 
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from the normal distribution with mean and standard deviation appropriate to the 
microenvironment. 

Table 12: Twelve Communities and Their Mean Peak Ozone Levels 

Community Ozone Level 
Alpine 80.5 
Lake Elsinore 82.7 
Lake Gregory 98.9 
Lancaster 70.8 
Lompoc 42.7 
Long Beach 45.2 
Mira Lorna 95.1 
Riverside 95.1 
San Dimas 109.2 
Atascadero 58.7 
Santa Maria 30.2 
Upland 92.0 

Measurements are average daily maximum for the period 1986-1990. 

Units are ppb. 

In specifying values for the times tijm spent in the various microenvironments, we were 
constrained by the requirement that ~!=1 tijm = 24, when tijm is measured in hours per 
day. We therefore generated preliminary values tijm for each m and took 

tijm = 24tijm/~!=l tijm· To generate the values tijm we used the normal distribution, 
specifying a mean fJ and standard deviation a for each microenvironment. To specify the 
mean value for percentage of time spent outdoors, we relied on findings of Wiley (1991) 
that indicated that California schoolchildren spend about 10% of their time outdoors on 
average. That percentage stays approximately constant over different times of the year, 

and on weekends as well as weekdays. We therefore took fJ = 3 and a = 1 for the number 
of hours per day spent outdoors. We took fJ = 6 and a = 2 for the number of hours in 
school, and fJ = 15 and a = 2 for the number of hours spent at home. 

Our simulation was based on 1000 artificial data sets. For each data set we first generated 

for each subject a "true" exposure Eij computed from (38). We then generated measured 

exposures E['f and E5 as described in section 5.4, using one of several values for the 
standard deviations v, Tf, and Tt· To fit model (44), we took Sij to be normally distributed 
with mean 0 and standard deviation 13. This standard deviation was estimated from 
between-individuals data on approximately 3600 Southern California school children tested 
in the spring of 1993 in the CARB Children's Health Study. 

Our model assumes that measured values are normally distributed around the true values. 

Therefore it should provide reasonably accurate results whenever measured values are 
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distributed reasonably symmetrically around the true values. If measurements are severely 
biased, or skewed as a result of outliers, the results may be different that those described 
here. 

We took the exposure-response slope f3 equal to -0.10, indicating a 1% decrease in FEV1 
per 10 ppb increase in exposure. All the ai were taken to have the common value 
100- {JE, where E is the average of the true exposures Eij over all subjects in all 
communities. In this way the expected value of Fij is 100, as required. 

The variances of Ef! and Ef; were well estimated. Table 13 shows true and estimated 
variances of Ei1 and Ef; averaged over i and j for several values of Tl, T~, and v 2

. True 
and estimated variances were computed as described in section 5.4. 

Table 13: True and Estimated Variances of Microenvironmental and Personal Sampler 
Estimates of Exposure 

True Estimated 
Exposure Estimate Variance Variance 
Microenvironmental (EfJ) 
T f = .1 1 Tt = .1 10.25 10.31 
T f = .1 , Tt = . 2 14.58 14.78 
TJ = .1, Tt = .3 21.78 22.15 
Tj = .2, Tt = .1 36.95 37.18 
T f = . 2, Tt = . 2 42.00 42.88 
T f = . 2, Tt = .3 50.42 52.26 
T f = . 3, Tt = .1 81.43 81.91 
T f = . 3, Tt = . 2 87.68 89.63 
T f = . 3, Tt = .3 98.18 102.27 

Personal Sampler (Ef;) 
v = .05 2.20 2.20 
v = .10 8.81 8.82 
v = .15 19.84 19.84 
v = .20 35.27 35.26 
v = .25 55.11 55.10 
v = .30 79.39 80.38 

Variances are the averages over all subjects ij of Var(Efj) and Var(EG)· 

We fit model (44) using Ef! and Ef; in turn in place of the unknown Eij· We also fit an 
ecological version of the model in which all the ai were assumed equal, and in which the 
ambient level Ai was used to estimate the true exposure Eij for all the subjects in 
community i. Table 14 gives results based on 1000 simulated data sets. For each data set 
the least squares estimate ~ and the conventional estimate of its standard error was 
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Table 14: Performance of Dose-response Slope Estimator When FEV1 is Regressed Against 
Various Estimates of Exposure: No Bias Correction Applied 

Nominal Root Mean 
Exposure Estimate Mean SD SE Bias Square Error 
True Exposures -0.099 0.027 0.027 0.001 0.027 

Outdoor Ambient Level -0.057 0.009 0.009 0.043 0.044 

Microenvironmental ( Ef!) 
T f = .1, Tt = .1 -0.086 0.025 0.025 0.014 0.029 
T f = .1, Tt = . 2 -0.083 0.024 0.024 0.017 0.030 

T f = .1, Tt = . 3 -0.076 0.024 0.023 0.024 0.034 

T f = . 2, Tt = .1 -0.064 0.021 0.021 0.036 0.042 

T f = . 2, Tt = . 2 -0.061 0.020 0.021 0.039 0.044 

T f = . 2, Tt = . 3 -0.057 0.020 0.020 0.043 0.047 
TJ = .3, Tt = .1 -0.045 0.018 0.018 0.055 0.058 
TJ = .3, Tt = .2 -0.042 0.018 0.018 0.058 0.060 
T f = . 3, Tt = . 3 -0.040 0.017 0.017 0.060 0.063 

Personal Sampler (E{;) 
v = .05 -0.097 0.026 0.026 0.003 0.026 
v = .10 -0.087 0.025 0.025 0.013 0.028 
v = .15 -0.077 0.023 0.023 0.022 0.032 
v = .20 -0.065 0.022 0.022 0.035 0.041 
v = .25 -0.053 0.021 0.020 0.046 0.051 
v = .30 -0.045 0.019 0.018 0.055 0.058 

True value of parameter is -0.10. Sample size is 3600. 

calculated. The column labeled "Mean" is the average of the 1000 values of (3. The column 
labeled "SD" is the sample standard deviation of these 1000 estimates. This is a consistent 
estimate of the true standard error when the true exposure is estimated. The column 
labeled "Nominal SE" is the square root of the average of the 1000 conventional estimates 
of Var(~). The column labeled "Bias" gives the difference between the mean and the true 
value of -0.10. The column labeled "Root Mean Square Error" gives the quantity 

VSE2 + Bias2
, which is the usual measure of the accuracy of an estimator. The first row of 

the table gives the results when the true exposures Eij are used as the dependent variable. 

The estimate is unbiased. In comparison, estimates based on the ambient level, E['f, or E{;, 
are biased severely toward 0. In the case of E['f and E{;, the bias is due to nondifferential 
measurement error. In the case of the ambient level, it is due to the fact that the ambient 
level strongly overestimates the exposure, since it is equivalent to assuming that subjects 
are outside all the time. In principle, the conventional estimates of the standard deviation 
of ~ should tend to underestimate the true standard error slightly. This should be the case 
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Table 15: Performance of Exposure-response Slope Estimator When FEV 1 is Regressed 
Against Various Estimates of Exposure: Bias Correction Applied 

Nominal Root Mean 
Exposure Estimate Mean SD SE Bias Square Error 
True Exposures -0.099 0.027 0.027 0.001 0.027 
Outdoor Ambient Level -0.057* 0.009 0.009 0.043 0.044 

Microenvironmental (Eff) 
TJ = .1, Tt = .1 -0.099 0.029 0.029 0.001 0.029 
T f = .1, Tt = . 2 -0.101 0.029 0.030 -0.001 0.029 
T f = .1, Tt = . 3 -0.101 0.032 0.031 -0.001 0.032 
T f = . 2, Tt = .1 -0.100 0.034 0.034 -0.000 0.034 
TJ = .2, Tt = .2 -0.101 0.033 0.034 -0.001 0.033 
T f = . 2, Tt = . 3 -0.102 0.035 0.036 -0.002 0.035 
T f = . 3, Tt = .1 -0.102 0.040 0.040 -0.002 0.040 
T f = . 3, Tt = . 2 -0.100 0.042 0.041 0.000 0.042 
TJ = .3, Tt = .3 -0.100 0.043 0.043 -0.000 0.043 

Personal Sampler (Em 
v = .05 -0.100 0.029 0.030 -0.000 0.027 
v = .10 -0.099 0.029 0.029 0.001 0.029 
v = .15 -0.101 0.030 0.031 -0.001 0.030 
v = .20 -0.100 0.034 0.033 -0.000 0.034 
v = .25 -0.099 0.038 0.036 0.001 0.038 
v = .30 -0.099 0.041 0.040 0.001 0.041 

*No bias correction is applied to the ambient level estimate. 
True value of parameter is -0.10. Sample size is 3600. 

because the conventional estimator &2 I 'L[=1 'Lf=1 (Eij - Ei.) 2 is a consistent estimator of 
the expectation of the conditional variance Var(~IEij). The desired variance is the 
unconditional variance Var(~), which is equal to E[Var(~IEij)] + Var[E(~IEij)], where 

AA I J A A I J A A2 •••• E(,BIEij) = ,B Li=l Lj=l (Eij - Ei.) (Eij - Ei.) I Li=l Lj=l (Eij - Ei.) . Smce th1s quantity 1s 
not constant, its variance is strictly positive. However, the variance tends to 0 as the 
product I J -t oo, and appears to be negligible in our simulation. 

If the parameters Tj, Tl, and v2 are known, the variances of Etj and E['f can be estimated, 
and the bias in ~ can be corrected. A consistent estimator of~ is obtained by multiplying 
the conventional estimator by the correction factor 

(45) 
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The denominator of the expression ( 45) is an unbiased and consistent estimator of 
I:;{=1 I:;f= 1(Eij- Ei-) 2

. Since by Jensen's inequality E(1/X) > 1/E(X) for positive random 
variables X, we might in principle expect a slight bias away from 0 when this correction 
factor is applied. A consistent estimate of the standard error can be obtained by 
multiplying the conventional estimate by the correction factor F. Table 15 gives results 
when the bias correction is applied. No remaining bias is noticeable. 

6 Conclusions 

The bidirectional case-crossover design is a valuable method for estimating acute effects of 
environmental exposures that takes advantage of two features of studies involving 
environmental exposures: (1) accurate information about past exposure is often available, 
so model-based estimates of exposure are not needed, and (2) levels of exposure are 
unaffected by the occurrence of failure of a subject. In contrast to other case-crossover 
designs, control information is assessed both before and after failure, which eliminates 
confounding due to time trends in exposure. 

The proposed two-stage analysis of the multilevel analytic design provides asymptotically 
unbiased and efficient estimation of effects in a complex model involving unmeasured 
between-groups differences, measurement error, and a complex measurement model 
combining individual and aggregate exposure data. In particular, in cases where the 
within-groups exposure variance is less than the between-groups variance, estimates 
obtained through pooling can be more efficient than estimates based on either individual 
level or aggregate level analyses alone. Simulation techniques can be used to optimize the 
various trade-offs between the design parameters if reasonable estimates of the model 
parameters are available. Since variables are measured on the individual level, the model 
should be relatively free from nonadditivity bias, but could be subject to bias in situations 
where its assumptions are seriously violated. We believe this design and its associated 
analysis offers considerable promise for resolving some of the difficulties of between-group 
confounding, measurement error, and restricted variability that have historically plagued 
environmental epidemiology. 

Our work on measurement error in exposure assessment represents an initial attempt to 
address some issues in the accuracy of estimated health effects of air pollution under 
various forms of exposure assessment. Refinement of the techniques used here will lead to 
more accurate results. It is quite clear from our work so far that neither the 
microenvironment nor the personal sampler method produces reliable estimates of 
exposure-response slope when measurement error is uncorrected. In our examples, the bias 
was toward 0 under the assumptions of our model, because of non-differential measurement 
error. If the measurement error were to involve bias that was correlated with the response, 
a bias away from 0 could result as well. 
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Our simulation studies show that the standard error of the estimate of a health effect 
increases as the errors in exposure assessment increase. When the fraction of the ambient 
level in a microenvironment is estimated with a standard error of 30%, the standard error 
of the estimate is 50% higher than it would be if the true exposures were known. 
Interestingly, it appears that errors in estimating indoor/ outdoor ratios have much more 
influence on the accuracy of the microenvironmental approach than do errors in estimating 
the time spent in the microenvironments. 

In order to adjust for measurement error, something about its distribution must be known. 
To correct the bias in ~, the variance (and bias, if any) in the measurement error must be 
known. Because of the great impact of measurement error, it is clear that careful validation 
studies are necessary before exposure assessment methods can be relied on to provide 
accurate estimates of health effects of pollutants. 
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Vgi 
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baseline outcome for group g 
increase in log odds of failure due to a one-unit increase in exposure 
an estimate (e.g., maximum likelihood estimate) of /3 
bidirectional case-crossover estimator with a single control day for each subject 
randomly chosen from among all control days 
bidirectional case-crossover estimator using the full stratum of control days for / 
each subject 
conventional case-crossover estimator with control times 14 days before failure 
same as above, with control times 28 days before failure 
total history version of case-crossover estimator in which all days prior to failure 
are used as controls 
baseline log odds for subject i 
set of days on which subject i is absent 
the collection of all sets of ni days 
expectation 
Fisher information, used to estimate the variance of the maximum likelihood 
estimator~ 
log likelihood 
number of subjects at risk in community i on day j 
number of days that subject i is absent 
probability that subject i is absent on day j 
particulate matter smaller than 10 microns in diameter 
root mean square error 
arbitrary set containing ni days 
standard deviation 
standard error 
list of days a subject is at risk 
confounder variable for subject i in group g 
mean exposure for group g 
exposure of subject i on day j 
exposure variable for subject i in group g 
outcome variable for subject i in group g 



COMMENTARY 1£[ ---------- ... 
Health Review Committee 

INTRODUCTION 

The Health Effects Institute (HEI)* has had a long-stand
ing interest in the long-term effects of air pollutants on 
human health. In 1991, HEI set up the Environmental 
Epidemiology Planning Project to identify key methodo
logical issues that needed to be addressed in the design and 
interpretation of future environmental epidemiologic stud
ies of the health effects of air pollutants. Leading scientists 
identified several major concerns, including the relatively 
low levels of air pollutants to which populations are gener
ally exposed and the consequent difficulty in establishing 
health risk; the difficulties inherent in measuring exposure 
to different pollutants; and the frequently high correlation 
among different pollutants, which makes it difficult to 
identify the effect of a particular agent. At the outcome of 
the Environmental Epidemiology Planning Project, further 
research on the design, measurement, data analysis, and 
interpretation of epidemiologic studies was recommended 
(Morgenstern and Thomas 1994; Hatch and Thomas 1994; 
Prentice and Thomas 1994). To meet these research needs, 
HEI issued Request for Applications (RFA) 91-1, Epidemi
ological Studies of the Health Effects of Long-Term Ozone 
Exposure, in 1991. The major goals of the RFA were to 
support (1) the development of epidemiologic methods for 
studying the effects of long-term ozone exposure, and (2) 
the development and testing in actual data sets of innova
tive approaches to the control of confounding of ozone 
effect measurements by other air pollutants. 

In response to the RF A, Dr. Navidi and colleagues at the 
University of Southern California (USC) submitted a pro
posal entitled "Statistical Methods for Epidemiological 
Studies of the Health Effects of Air Pollution." The goal of 
the proposed study was to develop statistical designs to 
provide efficient estimates of the health effects of exposure 
to air pollutants in epidemiologic studies. As part of their 

• A list of abbreviations appears at the end of the Investigators' Report. 

Dr. William Navidi's 3-year study, Statistical Methods for Epidemiologic 
Studies of the Health Effects of Air Pollution, began in March 1993 and had 
total expenditures of$285,915. The Investigators' Report from Dr. Navidi and 
colleagues was received for review in December 1996. A revised report, 
received in July 1997, was accepted for publication in October 1997. During 
the review process, the HE! Review Committee and the investigators had the 
opportunity to exchange comments and to clarify issues in the Investigators' 
Report and in the Review Committee's Commentary. 

This document has not been reviewed by public or private-party institutions, 
including those that support the Health Effects institute; therefore, it may not 
reflect the views of these parties, and no endorsements by them should be 
inferred. 

research plan, Navidi and colleagues also intended to 
evaluate the effects of measurement error in exposure as
sessment (that is, the difference between true and estimated 
exposures) on the accuracy of estimated health effects. This 
is an area of critical interest, because problems in accurately 
measuring an individual's exposure may result in uncer
tainty in assessing the health risk of an air pollutant. 

The HEI Research Committee, commending the caliber 
of the study team and the quality of the proposed methods, 
approved funding. In addition, they noted that a key 
strength of Navidi's application was that the statistical 
designs he developed would be applied in an ongoing 
cohort study conducted by a team of investigators at USC. 
This ten-year study, Epidemiologic Investigation to Identify 
Chronic Health Effects of Ambient Air Pollutants in South
ern California, referred to as the "USC Children's Health 
Study" and sponsored by the California Air Resources 
Board (CARB), seeks to determine the health effects of 
long-term exposure to ozone and other air pollutants. Ap
proximately 3,600 children from twelve communities in 
the southern California air basin exposed to differing com
ponents and levels of air pollutants are involved. The USC 
investigators, led by Dr. John Peters, are examining a variety 
of health endpoints, including changes in pulmonary func
tion, days of school absence, and the appearance or aug
mentation of clinical symptoms, in relation to long-term 
exposure to ozone, particulate matter, nitrogen oxides, and 
acid (H+). As described in the accompanying Investigators' 
Report and in subsequent sections of this Commentary, Dr. 
Navidi tested several of his epidemiologic models with data 
from the USC Children's Health Study. 

Navidi's was one of six studies funded under RFA 91-1; 
four of the other five have already been published by HEI 
(Loomis et al. 1996; Avol et al. 1998; Kinney et al. 1998; 
Tager et al. 1998a,b). During the review of the study, the 
HEI Review Committee and the investigators exchanged 
comments and clarified issues in the Investigators' Report 
and in the HEI Review Committee's Commentary. This 
Commentary is intended to aid HEI sponsors and the public 
by highlighting the strengths of the study, pointing out 
alternative interpretations, and placing the report into sci
entific perspective. 

BACKGROUND AND AIMS 

The investigators begin their report by noting that there 
are three fundamental challenges common to many envi
ronmental epidemiologic studies: measuring exposure, dis-
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ease, and related variables; finding populations with differ
ent degrees of exposure that are comparable with respect to 
potentially confounding factors; and distinguishing effects 
at the individual level. 

Dr. Navidi and his colleagues undertook a study with 
three specific aims to address the methodological implica
tions of these challenges. The aims were 

1. to develop efficient statistical designs for panel studies, 

2. to develop methods that allowed for the effects of 
exposure measurement error, and 

3. to develop methods for combining individual and ag
gregate level comparisons. 

The investigators developed a bidirectional case-cross
over design to address the first aim. They addressed the 
second aim by developing mathematical measurement er
ror models to compare community measures of exposure 
(termed "microenvironmental" or "indirect" by Navidi) 
with the direct, "personal sampler" approach. They also 
used this model to assess the impact of measurement errors. 
Finally, they developed multilevel analytic designs to meet 
the third aim. For each statistical model and design the 
investigators used the USC Children's Health Study data for 
illustration. These three approaches are discussed in the 
subsequent sections. 

BIDIRECTIONAL CASE-CROSSOVER APPROACH 

The case-crossover design (Maclure 1991) is a statistical 
design in which only cases are studied, and their exposure 
at the time of the event of interest is compared with some 
estimate of their typical level of exposure. This design is an 
adaptation of a case-control design and a crossover design. 
In a study utilizing a case-control design, cases (that is, 
subjects with a certain condition, for example, absence from 
school) are compared with controls (for example, subjects 
not absent). In a crossover study, subjects are compared 
under two different conditions (for example, when absent 
and when not absent from school). The case-crossover 
design blends the two approaches. The same subject is both 
a case and a control, and "crosses over" from being a case 
to being a control. That is, the health status of the subject is 
observed both when the patient is absent from school (case 
status) and when the subject is not absent (control status). 

In this health effects study utilizing a case-crossover 
design, pollutant exposure when a subject is a case (is 
absent from school) was compared with the "typical" expo
sure when the subject is a control (is not absent). Further, 
in the usual case-crossover setting, the case data (exposure 
during time interval of case) is compared to some estimate 
of a previous control setting (exposure during prior time 
periods) when the individual is a noncase. For this exam-
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pie, the pollutant exposure when a child is absent from 
school is compared to some usual estimate of prior expo
sure when the child is not absent from school. For environ
mental studies, use of this previous time period control 
exposure data can introduce a number of serious problems 
and biases. In particular, the control period exposure data 
may be systematically lower or higher than the case period 
exposure data (possibly related to time trends) (see Green
land 1996). 

As the investigators noted, the case-crossover design has 
been introduced and investigated by a number of others in 
the social sciences (Maclure 1991; Feldman 1993a,b; Mit
tleman et a!. 1995). One useful contribution of Navidi and 
colleagues comes from understanding and applying the 
method in the air pollution exposure setting. 

The case-crossover method is often used to investigate if 
some recent behavior has triggered or is related to the cause 
of an event (for example, in Marshall and Jackson [1993], 
the objective was to investigate whether the onset of a 
myocardial infarction [MI] was related to recent alcohol 
consumption). The method has at least two problems, 
which may lead to biased results: (1) it is very sensitive to 
the mathematical model employed, and (2) the control 
period data often used in the analysis may not be "typical" 
and so may not be good control data. In addition, as with 
the application of any epidemiologic method to observa
tional data, obtaining statistically significant associations 
does not establish causality. Establishing causality usually 
requires synthesizing a wide range of evidence obtained 
using a number of approaches. 

THE INVESTIGATORS' APPROACH 

The investigators addressed the problem of biases in 
case-crossover studies by developing a bidirectional case
crossover where control exposure data were obtained both 
before and after the subject was a case (or, in the vocabulary 
of the investigators, before and after the subject was a 
failure). In addition, the investigators advocated using ob
served (recorded) exposure data for the control data rather 
than some estimated typical exposure. 

The investigators conducted two simulation studies to 
evaluate the standard case-crossover design and their bidi
rectional case-crossover. For this particular model, they 
demonstrated bias in the standard case-crossover design 
and the lack of bias in their bidirectional method. 

Lastly, they tested the bidirectional case-crossover ap
proach by relating the acute effects of exposure to air 
pollution to absences from school for the USC Children's 
Health Study. The pollutants considered were ozone, par
ticulate matter with a diameter less than 10 micrometers, 
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and nitrogen dioxide (NOz). The analysis controlled for day 
of the week, temperature, and humidity. Because the subject 
acted as his or her own control, the analysis automatically 
controlled for subject-specific variables such as sex, age, 
race, community of residence, and prior health conditions. 
The analysis suggested that a relation between school ab
sences and exposure to NOz lagged by two days. It should 
be noted that this effect was the only statistically significant 
one of many comparisons. 

CRITIQUE OF THE BIDIRECTIONAL 
CASE-CROSSOVER METHOD 

Have Navidi and colleagues eliminated or diminished 
the problems of the case-crossover by introducing the bidi
rectional aspect (that is, by using control data from both 
before and after the case period)? In the example they cite 
(absence from school in the USC Children's Health Study), 
the bias appears to be reduced. This is due to more appro
priate control data. The issue of sensitivity to the mathe
matical model has not been resolved, however, because 
they did not investigate this issue. 

In addition, the application of the bidirectional method 
may be in question for endpoints more extreme than ab
sence from school. For example, in trying to employ the 
method for investigating the relation of pollutant exposure 
to MI, the subject may be extremely different before the 
event than after it. Thus, the properties of the subject in the 
control periods before and after the MI may be different. In 
the standard crossover design this would be related to what 
is called a "carryover effect": the MI changes the person. 
The current version of the bidirectional case-crossover de
sign does not appear to accommodate this possibility. 

In summary, the bidirectional case-crossover is an ad
vance over the case-crossover design and shows the poten
tial bias in the latter. The bidirectional case-crossover can 
incorporate better control data into the analysis. It needs 
investigation to study the sensitivity to the mathematical 
model, however, including carryover effects. 

MEASUREMENT ERRORS IN AIR POLLUTION 
EXPOSURE ASSESSMENT 

In this phase of the project, the investigators studied two 
ways of measuring cumulative exposure, the indirect or 
"microenvironmental" approach and the direct or "per
sonal sampler" approach. The microenvironmental ap
proach estimates the time spent in each microenvironment 
and also estimates an exposure time to each pollutant in 
each microenvironment. From these estimates a time
weighted average exposure for an individual is determined. 
The personal sampler approach requires that an individual 

wear a sampling device. The individual's average exposure 
is then estimated from the integrated concentration meas
ured by the sampler and the amount of time the sampler was 
worn. 

The two approaches differ in significant ways. With the 
microenvironmental approach, the exposure metric is flex
ible-exposure could be estimated as peak exposure above 
a certain level or as a cumulative exposure. In the personal 
sampling approach, only the cumulative exposure value is 
available. A second important difference involves the num
ber of parameters to be estimated. The microenvironmental 
method requires estimates of both concentration of the 
pollutant and length of time spent in each environment; the 
only uncertainty in the personal sampler method is in the 
concentration, since the amount of time spent in each 
microenvironment is always correct. 

The investigators used a simple model for the true expo
sure and compared the results from the two approaches 
under a variety of assumptions about the magnitude of the 
measurement errors involved. They performed a simulation 
study varying the measurement errors. Their conclusion 
was that neither the personal sampler nor the microenvi
ronmental model gave correct answers when uncorrected 
measurement errors were present. 

CRITIQUE OF MEASUREMENT ERRORS IN AIR 
POLLUTION EXPOSURE ASSESSMENT 

Again, this component of the study was a careful, well
presented analysis. The investigators' conclusion that reli
able results will not be achieved when there are 
measurement errors was based on a simple model. The 
investigators believe that more elaborate models can be 
constructed that will be self-correcting, and this will result 
in reliable estimates of cumulative exposures, but it is not 
apparent how this will be done. In addition, given the lack 
of literature concerning the validation of microenviron
mentally based methods of exposure assessment and the 
limitations of the personal sampling methods to estimate 
cumulative exposure that Navidi and colleagues document 
so well, it is not clear how the comparison results should 
be viewed. More basic research is needed to determine 
whether the two approaches (microenvironmental and per
sonal samplers) will be capable of estimating cumulative 
exposures accurately, and, if so, how well. Further, more 
extensive modeling and simulations are still needed to 
make any definite conclusions. 

MULTILEVEL ANALYTIC DESIGN 

To address the third aim of the project, to develop meth
ods for combining individual and aggregate level compari
sons, the investigators propose multilevel analytic designs. 
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In epidemiology there are two general types of studies for 
obtaining data to quantify the association between an expo
sure and a disease: ecologic studies and analytic studies. In 
the former, disease rates in groups of individuals are related 
to the average exposure rates in the groups. In the latter, the 
individual's disease outcomes are related to his or her own 
exposure values. Cohort and case-control studies are exam
ples of analytic studies. 

Often the results of ecologic and analytic studies are 
different. The resolution of the differences usually rests on 
three issues: 

1. between-group confounding: a characteristic of groups 
that is not accounted for in the model but is a real risk 
factor. The outcome of interest may occur not as a result 
of the exposure, but instead as a result of some other 
group characteristics, including differences in medical 
diagnosis and reporting. 

2. measurement error: the inability to measure without 
error the exposure variable(s). In analytic studies, for 
example, effects (the quantification of the impact of an 
exposure on an outcome) may be diluted due to meas
urement errors. 

3. restricted variability: this results when, for example, a 
study is conducted on only one set of subjects and there 
may not be a wide enough variability in an exposure 
variable to reveal a true association. 

Ecologic studies are often less expensive than analytic 
studies, are less prone to measurement error, and usually 
have good variation across groups. They may, however, not 
be well suited for the control of confounders. Analytic 
studies are usually better able to deal with confounders, and 
usually have better quality data, but may suffer more from 
measurement errors. Both of these types of studies are 
important, and they may often complement each other. 

THE INVESTIGATORS' MODEL 

The investigators suggest a multilevel analytic design 
where a number of groups are selected and within each 
group a sample of subjects is drawn. The analysis can 
incorporate variables at the subject level and also at the 
group level. This design incorporates the positive features 
of the ecological and analytic studies while addressing the 
deficiencies. 

Their model, given as Equation 12 in the Investigators' 
Report, is as follows: 

Ygi = ag + ~Xgi + ')'Ugi + Egi 

where Ygi is the outcome variable for individual i in group 
g (for example, a lung function test value for a child in 
community g); and ag is the average of the outcome variable 
for group g, which may be fixed or random effect. In this 
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context, a fixed effect would mean that the groups in the 
study are the only groups of interest, while a random effect 
would mean that the communities in the study represent a 
random sample of some bigger collection of groups. The 
variable xis the exposure or exposures of interest, u represents 
the set of confounders, and E are the error terms. The confoun
ders may be fixed or random. Often the E are assumed to be 
normally distributed. The main interest lies in estimating ~' 
the regression coefficient for the exposures x. 

The investigators discussed weighted least squares and 
two-stage least squares as methods for estimating the model 
regression coefficients. In addition to the random effect 
models, the investigators incorporated two exposure meas
urement error models into their multilevel model. The 
Berkson model assigns individuals the group exposure 
(Armstrong 1990); the classical model assigns a random 
value whose expected value is the true exposure (Thomas 
et al. 1993). In this current work, they attempted to estimate 
the true effects of exposure (variables E of the above model) 
because of the impossibility of measuring E without error. 

The investigators examined some "optimal" properties 
of their models as they related to the number of groups and 
the sample sizes within groups. These were performed 
under simplifying assumptions. An example was given 
from the USC Children's Health Study, which involved 
approximately 3,600 children from 12 southern California 
communities who underwent spirometric assessment of 
pulmonary function. The investigated relation was be
tween a measurement of lung function, FEV 1 , and lifetime 
exposure to ozone. 

CRITIQUE OF THE MULTILEVEL ANALYTIC DESIGN 

The designs that the investigators propose are not new, 
but have been used for several years in education, econom
ics, and other social sciences. Currently they are employed 
extensively in health-related fields. These methods have 
undergone, and continue to undergo, intense development 
and extensions and are known under headings such as 
"multilevel models" (Goldstein 1995), "random effects 
models" (Chapter 2 of Goldstein 1995; Searle et al. 1992), 
and "hierarchical models" (Bryk and Ravdenbush 1992). 
Von Korff and colleagues (1992) recommended their use in 
epidemiology, and they have been used in some air pollu
tion studies. In addition, the estimation procedures 
(weighted least squares and two-stage estimates of a [a] and 
measurement error models) are standard for these prob
lems. 

As described in the critique of the case-crossover design, 
the main contribution of Navidi and colleagues has been to 
apply these methods appropriately to data on the health 
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effects of air pollution. The investigators present a useful 
advance in this field by identifying in detail the compo
nents needed to model the phenomena and by supplying 
reasonable mathematical models. Further, they provide 
appropriate ways of obtaining efficient estimates of the 
relevant model parameters that quantify the effect of the 
exposure variables in the models. 

There are concerns, however. The multilevel models and 
measurement errors models are sensitive to model assump
tions. The investigators present neither discussions about 
the sensitivity of the models to assumptions nor diagnostics 
for assessing the fit (or appropriateness) of their models. For 
example, the assumption of random uncorrelated errors is 
an important component of the models. This may be unre
alistic in practice and may limit the applicability of these 
models to air pollution studies. Further, if the model is not 
valid, its application may result in serious bias. The mathe
matical sophistication of the models does not ensure appli
cability. The investigators have presented the models very 
well. Correct applications of these models will have to 
address the above concerns. 

Last, the discussion of bias (in Section 4.3) is incomplete 
and does not relate directly, as the investigators state, to the 
bias discussed by Greenland and Robins (1994). The prob
lem the investigators call bias relates to how interactions at 
the individual level (Equation 16 in the Investigators' Re
port) could bias main effects estimates for the ecologic 
analysis. Greenland and Morgenstern (1989) deal with this, 
as do Greenland and Robins (1994). They go on, however, 
to describe how nonlinearities in confounder dose-re
sponse at the individual level could bias exposure main-ef
fect estimates in the ecologic analysis, even if there are no 
interactions at all, and even if the exposure effects are only 
linear. At a minimum, major simulation studies are needed 
to evaluate the effects of nonlinearities on the results of 
analyses from the investigators' model, referred to as Equa
tion 12 in the Investigators' Report and in the previous 
section of the Commentary. 

FINAL COMMENTS 

The investigators' main contribution has been not so 
much in the development of new methods as in transport
ing and extending existing methods to the air pollution 
exposure field. Their simulations demonstrate the potential 
for bias in the usual case-crossover method and sound a 
cautionary warning to any who desire to use it. Their 
extension to the bidirectional case-crossover study design 
offers promise for reducing bias. In addition, the investiga-

tors' discussion of measurement error in air pollution ex
posure, although simple, does document the impact of 
measurement error of estimates of cumulative exposures. 

Finally, the application of the multilevel model to expo
sure problems also offers potential for advancement. There 
are major concerns, however, related to model appropriate
ness and validation that need to be addressed before it can 
be recommended for general use. The use of these models 
will always require a careful consideration of the appropri
ateness of the assumptions made and an understanding of 
potential biases inherent in the models. 

In general, Navidi and his collaborators have made ad
vances in statistical methodology, but have also, as is to be 
expected, left some issues unresolved. Applications oftheir 
methods to exposure problems, which include careful 
model development and validation, are needed to resolve 
these questions. 
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