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HEI Statement 

Particulate Air Pollution and Daily Mortality: 
Replication and Validation of Selected Studies 

BACKGROUND 

Scientists. regulators, and the general public are increasingly interested in the adverse health effects of 
particulate air pollution. This interest is motivated largely by recent epidemiologic studies that have examined 
both acute and longer-term effects of exposure to particulate air pollution in different cities in the United 
States and elsewhere in the world. Many of these studies indicate a positive association between particulate 
air pollution and the rate of daily mortality. The studies suggest that daily rates of respiratory illness and of 
mortality from respiratory and cardiovascular diseases increase in response to levels of particulate air 
pollution below the current National Ambient Air Quality Standard (NAAQS) for particulate matter. Critics 
of these studies have questioned the validity of the data sets used and the statistical techniques applied to 
them; have noted that studies of other cities have not found similar effects; have independently analyzed some 
of the same cities and come to different conclusions about the relative effects of particulate air pollution, other 
forms of pollution, and weather; and have questioned the biologic plausibility of the reported association 
between particulate air pollution and higher illness and mortality rates. 

Both the studies and the critiques have engendered substantial controversy and prompted legal and 
regulatory action. If the original studies prove to be right, they may suggest that the current NAAQS needs to 
be more stringent, which would have .substantial implications for those whose activities are the sources of 
particulate air pollution (e.g., factories, steel mills, and motor vehicles). As a result of a law suit brought by 
the American Lung Association, the U.S. Environmental Protection Agency (EPA) is under court order to 
conduct an accelerated review of the science underlying the current NAAQS for particulate matter, and the 
ability of the standard to protect public health with an adequate margin of safety. The scientific review must 
be completed in August of 1995, and a final decision on the adequacy of the standard must be reached by the 
end of January 1997. 

In this scientific and regulatory context, the Health Effects Institute was encouraged by the EPA and a 
number of interested industry and environmental groups to undertake an impartial, rigorous, and timely 
evaluation of key portions of the epidemiologic data in order to assess the validity of the earlier results and 
to refine our understanding of their meaning. 

APPROACH 

An expert Oversight Committee, appointed by the HEI Board of Directors in July 1994, conducted an 
international competition and selected as New Analysts the team ofDrs. Jonathan M. Samet and Scott L. Zeger 
ofJohns Hopkins University School of Public Health to conduct this reanalysis and evaluation. Several ofthe 
original investigators (Drs. Douglas W. Dockery and Joel Schwartz of Harvard School of Public Health, C. 

This statement, prepared by the Health Effects Institute and approved by its Board of Directors. is a swnmary of Phase I of the Particle 
Epidemiology Evaluation Project sponsored by HE! from 1994 to 1995. Dr. Jonathan M. Samet and colleagues of the Johns Hopkins Univer
sity School of Public Health in Baltimore, MD, conducted the study, The Association of Mortality and Particulate Air Pollution. The fol
lowing Special Report contains the New Analysts' report, a Commentary on the study prepared by the Institute's Oversight Committee of 
the Particle Epidemiology Evaluation Project, and Comments from Original Investigators. © 1995 by the Health Effects Institute, Cam
bridge, MA. To order copies of this Special Report. refer to Related HE! Publications on page 123. 
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Arden Pope III of Brigham Young University, and David Fairley of the San Francisco Bay Area Air Quality 
Management District) agreed to cooperate in the project and to provide their data to Samet and Zeger. 

After broad public consultation in the autumn of 1994. the Oversight Committee approved an overall scope 
of the project: 

to evaluate through reanalysis of selected data sets the emerging evidence for an association between 
particulate air pollution and increased mortality from all causes and from cardiovascular and respiratory 
diseases; 

• to evaluate the biologic plausibility and public health significance of a causal association between 
particulate air pollution and mortality; 

• to examine how sensitive the observed associations are to key analytic assumptions and features of the 
data sets: and 

• to the extent that a consistent, strong association is found, to evaluate the expected changes in mortality 
under various plausible scenarios of exposure reduction. 

Recognizing the tight time constraints imposed on the EPA for its review, the New Analysts and Oversight 
Committee separated the project into two phases. The first phase was designed to accomplish several specific 
objectives in time to inform the EPA review before its August completion date: 
• to reconstruct from original sources the data set for Philadelphia and attempt to confirm previous 

numerical results derived from analyses of these data (Philadelphia is one of the largest cities originally 
studied, and has been the subject of a number of analyses by others); 

• to develop an analytic strategy (or model) based on the experience gained with the Philadelphia data set; 
• to apply this analytic strategy to individual data sets for six locations: Philadelphia: Utah Valley; St. Louis, 

MO: Eastern Tennessee; Birmingham, AL; and Santa Clara County, CA: 
• to complete initial sensitivity analyses of one data set to evaluate the consequences of using alternative 

modeling strategies and different approaches to accommodate confounding or modifying variables, such 
as weather; and 

to develop an analytic plan for Phase II of the project to investigate these questions in greater depth. 
The New Analysts have now achieved these Phase I objectives, and the results of their work are presented 

in this report. In addition to the stated objectives, they were able to reanalyze the data of an additional 
investigator, Dr. Suresh Moolgavkar of the University of Washington, who has analyzed a Philadelphia data 
set but reached different conclusions than the Original Investigators. The New Analysts' work was reviewed 
by an independent Review Panel selected by the HEI Health Review Committee, and revised in response to 
comments from the Panel and the Oversight Committee. This report presents all of the analyses performed, a 
Commentary by the HEI Oversight Committee, and a response from some of the Original Investigators. 

RESULTS AND IMPLICATIONS 

The New Analysts were able to construct, from the same publicly available data bases used by the Original 
Investigators, a Philadelphia data set that closely matched that of Schwartz and Dockery. The New Analysts 
found a close correspondence between their own plots of raw weather and mortality data and the same plots 
based on the data provided by the Original Investigators. Although the New Analysts' mortality data agreed 
more closely with those of the Original Investigators than with the data provided by Moolgavkar, and although 
the New Analysts' air pollution data differed slightly from the data of both Moolgavkar and of Schwartz and 
Dockery, the discrepancies do not appear to be important. 

When the New Analysts analyzed their data set for Philadelphia using various approaches and models, the 
results were in reasonable agreement with the results reported by both teams of earlier investigators. When 
the analyses were restricted to the same set of years for which the Moolgavkar data overlapped the data of 
Schwartz and Dockery, and when the effects of sulfur dioxide (SOz) were taken into account, the overall results 
were quite compatible, with only minor differences in the magnitude and statistical significance of the 
association between total suspended particulates (TSP) and increased mortality. 
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The HEI Oversight Committee 

The most important finding of the Phase I reanalyses is that the new and independent analytic model 
developed by the New Analysts produced numerical results from the data sets for all six locations that closely 
agree with and, in general. confirm those of the Original Investigators. 

In their sensitivity analyses ofthe Philadelphia data set, the New Analysts found that the original numerical 
results cannot be readily explained by arbitrary choices in creating statistical models. Consistent results were 
produced even when specifications in the analytic model, such as the form of weather variables and pollution 
measurements, were handled with a variety of techniques. when different assumptions regarding the lag time 
between the day of measured pollution and the day of mortality were evaluated, and when the models 
included an assumption that mortality on one day depends on mortality on previous days. 

Both the New Analysts and the Original Investigators found an association in Philadelphia between TSP 
and increased daily mortality that persisted when SOz was accounted for. At the same time, the New Analysts 
confirmed the observations of Moolgavkar in finding that mortality increased in relation to TSP and S02 

differently during the four seasons of the year, with apparently stronger relative increases associated with 
TSP in summer and fall. and stronger relative increases associated with SOz in winter and spring. Other 
sensitivity analyses. which allowed for complex relationships among pollutants. seasons, and mortality, 
suggested that the Original Investigators' results simplify a more complex set of relations. Therefore, one must 
be cautious in assuming that the effects of air pollution on mortality in the Philadelphia data set can be 
attributed to particles alone. 

One limitation in drawing generalized inferences from the Phase I analyses is the limited selection of cities 
for study. Although the data sets spanned different regions of the country and provided contrasts in 
characteristics of air pollution, seasons, and weather, four of the six data sets were relatively small. which 
limits the ability to evaluate further the effects of these factors and others. such as age and mortality due to 
specific causes. 

A number of questions regarding the association between increased mortality and particulate air pollution 
remain to be addressed; chief among them is the question of whether the excess deaths observed on 
high-pollution days are causing a higher long-term excess death rate, or minor alterations in the timing of 
deaths that were imminent anyway due to life-threatening illness. Other remaining questions include (1) how 
should variables be selected and analytic models be constructed to control for the confounding effects of 
weather on mortality; (2) how do the changes in mortality rate differ with the seasons; (3) how do other 
pollutants impact the association in question; and (4) how do errors in measuring exposure and other variables 
influence the results? These and other questions will be addressed in Phase II of this project, and in a new 
program of research now underway under the auspices of the Health Effects Institute. 

CONCLUSION 

Given that the Phase I analyses agreed with those of the Original Investigators, it is reasonable to conclude 
that, in these six data sets, daily mortality from all causes combined, and from cardiovascular and respiratory 
causes in particular, increased as levels of particulate air pollution indexes increased. However, the detailed 
analyses of the Philadelphia data set support a call for caution in assuming that this association represents 
an independent effect of particles alone. Also, as the New Analysts point out in their report, Phase I analyses 
were not intended to determine if the observed association of particulate air pollution with mortality is causal. 
Phase II of the project will greatly extend the current analyses and, with the results of Phase I reported here, 
will provide a more thorough assessment of the evidence on air pollution and mortality. 
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INTRODUCTION 

OVERVIEW AND SPECIFIC AIMS 

This report provides the findings of Phase I of a program 
of research initiated at the request of the Health Effects 
Institute. The overall purpose of the research project is to 
further our understanding of the links between indexes of 
particulate air pollution and mortality that have now been 
reported for multiple locations in the United States and in 
other countries. Phase I had specific and limited goals and 
was not intended to assess the full body of epidemiologic 
evidence on particulate air pollution and mortality, or to 
determine if the association is causal. Phase I goals included 
validating the data bases used in published analyses, repeating 
analyses previously reported by other investigators, and as
sessing whether the reported findings were influenced by the 
choice of statistical models and by the selection and speci
fication of variables. We recognize that this limited set of 
objectives leaves some critical issues unaddressed; we plan 
to turn to these issues in Phase II. 

With the cooperation of the investigators who originally 
reported some of the key findings (Drs. Douglas W. Dockery, 
C. Arden Pope III. and Joel Schwartz. who provided five of 
the data sets. and Dr. David Fairley, who provided the Santa 
Clara data set. all of whom are subsequently referred to in 
the report as the "Original Investigators"), Phase I included 
assessing the validity of the methods used to develop the 
analytic data sets. analyzing selected data sets using uni
form and state-of-the-art methods, and exploring the sensi
tivity of the findings to key analytic assumptions (using the 
data for Philadelphia, 1973 through 1980). In addition, Dr. 
Suresh Moolgavkar provided a data base that he had assem
bled for Philadelphia for the years 1973 through 1988. The 
scope of Phase I was constrained by the schedule on which 
the U.S. Environmental Protection Agency is preparing its 
Particulate Matter Criteria Document; therefore, the spe
cific analytic objectives were limited to: 
• Reconstructing the data base for Philadelphia and gen

erally confirming the findings of previous analyses; 
• Developing an overall analytic strategy based on the 

initial analyses of the Philadelphia data and on the 
published reports; 

• Applying this analytic strategy to the individual data 
sets for Philadelphia, Utah Valley. St. Louis, Eastern 
Tennessee, Birmingham. and Santa Clara; and 

• Completing a sensitivity analysis using the Philadel
phia data on the consequences of alternative modeling 
strategies and approaches to considering confounding 
or modifying variables, such as weather. 

PREVIOUS STUDIES OF PARTICULATE AIR 
POLLUTION AND MORTALITY 

Combustion of fossil fuels releases particles and oxides 
of both sulfur and nitrogen. Earlier in the twentieth century, 
a series of episodes of excess mortality at times of extremely 
high levels of air pollution produced by fossil fuel combus
tion documented that air pollution can cause death. One of 
the first documented episodes occurred in the Meuse Valley 
in Belgium in 1930. Episodes in Donora, PA, and London 
followed. The most dramatic of these episodes, the London 
Fog of 1952, is estimated to have caused thousands of 
deaths beyond the expected number, primarily in children 
and in older adults with underlying heart or lung diseases 
(Brimblecombe 1987). These episodes all occurred in lo
cales where the air was heavily polluted by combustion of 
coal for space heating, power generation, and industry, and 
where levels of particles and sulfur oxides were likely to 
have been extremely high compared with concentrations 
now measured in most developed countries and with con
centrations permitted under current regulations. At the 
time of these episodes, the role of air pollution in causing · 
the deaths was acknowledged but there was no attempt to 
determine if one or more specific components of the mix
ture of pollutants had been responsible. 

As levels of air pollution were reduced in the United 
Kingdom, the United States, and other western countries, 
concentrations of air pollution sufficiently elevated to cause 
short-term and readily evident excess mortality were infre
quently observed, and air pollution was not widely viewed 
as an important cause of mortality. More subtle effects of 
air pollution on mortality were sought by examining the 
relationship between mortality and air pollution over time 
periods of months or years, using emerging methods for 
time-series analyses. Studies conducted during the 1960s 
and 1970s did not provide strong evidence for an effect of 
air pollution on mortality (Shy et al. 1978), and research 
emphasis shifted to the effect of air pollution on morbidity 
indicators. Emphasis was placed on acidic aerosols as the 
likely causal species of the adverse health effects associated 
with air pollution from combustion of fossil fuels (Spengler 
eta!. 1990). The particulate component was not specifically 
investigated and, in fact, a review of the literature by Hol
land and colleagues (1979) reached the conclusion that the 
then-extant levels of particulate air pollution had little 
adverse impact on health. 

Nevertheless, research on the health effects of air pollu
tion generated by fossil fuels continued, including studies 
of mortality, and large studies of morbidity, such as the Six 
Cities Study conducted by investigators at the Harvard 
School of Public Health (Ferris et al. 1979). The conduct of 
the mortality studies was facilitated by access to public-use 
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data sets on pollution and mortality in the U.S. and some 
other countries, development of new analytic approaches 
for time-series data, such as daily mortality counts, and 
availability of new software and hardware for conducting 
these analyses. Multiple regression methods for data analysis 
made possible the assessment of apparently independent ef
fects of individual components of pollutant mixtures. Thus. 
in regions with air pollution from combustion sources. analy
ses were frequently directed at separating the effects of sulfur 
oxides, nitrogen oxides, and particles, even though the pol
lutants had a number of common sources in many locales. 
In the United States, the regulatory approach of the Clean 
Air Act provided one rationale for this approach by desig
nating certain pollutants to be regulated as "criteria pollut
ants"; for these pollutants, National Ambient Air Quality 
Standards are established to protect the public from adverse 
effects within "an adequate margin of safety." The criteria 
pollutants include not only particulate matter, but also 
sulfur oxides and nitrogen oxides. Motivated by the lan
guage of the Act and the regulatory approach of the Envi
ronmental Protection Agency, research has been designed 
to estimate the effects of individual pollutants and, in some 
instances, to consider the combined effects of two or more 
pollutants. 

Beginning in 1990, a series of reports based on ecologic 
analyses of routinely collected data have shown statisti
cally significant, positive associations between measures of 
particle concentration, primarily total suspended particles 

(TSP)* and particulate matter less than 10 J.Lm in aerody
namic diameter (PM10l. and daily mortality counts for some 
regions in the U.S. (Dockery and Pope 1994). Data on 
mortality are available from the National Center for Health 
Statistics, and pollution data can be obtained from the 
Environmental Protection Agency's data bank. In the pub
lished analyses, associations of daily mortality counts with 
air pollution have been assessed using regression analysis, 
most often Poisson regression, a method appropriate for 
analyzing data in which the health outcome of interest is a 
count of discrete events. The general analytic strategy has 
been to use a regression model to control for season, tem
perature. and other known causes of variation in mortality 
rates, such as influenza epidemics, and then to test for 
effects of air pollution variables after adjusting for the 
covariates. Analyses have been reported both for total mor
tality and for cause-specific mortality. 

The results of these studies have been interpreted by some 
as concordant in indicating a positive association between 
particulate air pollution and daily mortality (Dockery and 

• A list of abbreviations appears at the end of this report 
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Pope 1994; Schwartz 1994a). The U.S. cities included in the 
analyses range from large metropolitan areas (e.g .. Philadel
phia) to smaller cities or regions with industries that emit 
criteria pollutants (e.g., Steubenville, OH. and the Utah 
Valley, south of Salt Lake City). The estimates of the effects 
of particulate air pollution have been similar, in spite of the 
diversity of environments and pollution sources. and indi
cate a potential public health impact of a previously unan
ticipated magnitude. In the air pollution disasters earlier in 
the century, infants. the elderly, and persons with chronic 
heart and lung diseases were more likely to die than others 
(Shy et al. 1978). Several of the recent reports, which have 
included analyses stratified by cause of death, indicate a 
similar pattern of mortality (Schwartz 1994b,c). Schwartz has 
described cause-specific mortality in Philadelphia (1994c) 
and in Cincinnati (1994b). In Philadelphia, the pattern of 
pollution effects in relation to age indicated greater risk for 
middle-aged and older persons; by cause, the relative in
crease on high-pollution days was greater for the categories 
of chronic obstructive pulmonary disease ( COPD), pneumo
nia, and out-of-hospital deaths. 

Similar positive reports have been published based on 
data from other locales including Athens, Greece (Katsou
yanni et al. 1990, 1993), Eastern Germany (Spix et al. 1993). 
Beijing, China (Xu et al. 1994), and Sao Paolo, Brazil 
(Saldiva et al. 1994). However, studies from some regions 
have not shown significant associations (Macken bach et al. 
1993), and independent analyses of data from some cities 
for which positive associations have been found have not 
been interpreted as showing a specific effect of particulate 
pollution (Li and Roth 1995; Moolgavkar et al. 1995b). 
Modeling strategies have been questioned (Li and Roth 
1995; Moolgavkar et al. 1995b), and Moolgavkar and col
leagues (1995a) could not duplicate the data base for 
Steubenville, OH, that was described by Schwartz and 
Dockery (1992b). Two recent reports suggest that particu
late air pollution may increase mortality on a longer-term 
basis as well (Dockery et al. 1993; Pope et al. 1995). Both 
studies reported that particulate pollution levels associated 
with residence location predicted mortality levels among 
participants in cohort studies after controlling for smoking 
and other potential confounding factors. 

The analyses provided in this report were prompted by 
the potential public health significance of the evidence on 
particulate air pollution and mortality and by the persistent 
controversy concerning this evidence. The evidence calls 
into question the safety of existing standards for particulate 
air pollution, a ubiquitous pollutant in indoor and outdoor 
air. Although much of the epidemiologic data is coherent, 
the biologic plausibility of the association between particu
late air pollution and mortality is uncertain and the relevant 
toxicologic research is limited (Utell and Samet 1993). 
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Interpretation of these findings also has been constrained 
by the lack of information on the relationship between 
ambient concentrations of pollutants measured by monitors 
cited for regulatory purposes and the total personal expo
sures sustained by people who typically spend most of the 
time indoors. Indoor environments have multiple sources 
of particles. including cigarette smoking, and only a weak 
relationship has been shown between personal exposure to 
particles, as assessed by direct monitoring, and the outdoor 
concentration of particles (Spengler et al. 1985 ). Neverthe
less, particles in ambient air do penetrate indoors (Dockery 
and Spengler 1981) and could plausibly contribute to the 
variation of personal exposures; furthermore, finer particles 
in the respirable size range are more likely to penetrate 
indoors than coarser particles. which are less relevant to 
health. 

P ATIIOPHYSIOLOGIC CONSIDERATIONS 

Particles have diverse sources in the environment in
cluding human activities and natural processes such as the 
wind (Bascom et al. 1995). Combustion emissions are of 
particular concern from the health perspective. Particles 
and oxides of sulfur and nitrogen are primary combustion 
emissions; secondary particles, including acidic aerosols, 
are formed by atmospheric chemical reactions. The chemi
cal properties of atmospheric particles are diverse, reflect
ing the complexity ofthe sources (Spengler et al. 1990). The 
biologic effects of inhaled particles are determined by the 
physical and chemical properties of the particles, the sites 
of deposition of the particles, and the mechanisms by which 
the particles injure the lungs. Current concepts of particle 
toxicity emphasize the role of particle acidity and the 
induction of inflammation at sites of injury (Bascom et al. 
1995). 

On the basis of this current view of the mechanisms by 
which particles injure the lungs, the most clinically rele
vant links between particulate air pollution and mortality 
relate to exacerbation of severe preexisting cardiac and 
respiratory diseases. Candidate diseases would include 
asthma, COPD, acute respiratory tract infections, and 
ischemic heart disease. Bates (1992) has proposed three 
mechanisms by which respiratory and cardiovascular mor
tality might increase together during air pollution episodes: 
(1) acute bronchitis and bronchiolitis might be misdiag
nosed as pulmonary edema; (2) air pollutants may increase 
lung permeability and precipitate pulmonary edema in 
persons with myocardial damage and increased left atrial 
pressure: and (3) bronchiolitis or pneumonia induced by air 
pollution, in the presence of preexisting heart disease, 
might precipitate congestive heart failure. Seaton and col
leagues (1 995) hypothesize that ultra-fine particles induce 

alveolar inflammation. which exacerbates lung disease and 
increases the number of deaths from cardiovascular disease 
by increasing blood coagulability. 

CONCEPTUAL FRAMEWORK 

These pathophysiologic considerations suggest that the 
association between particle concentration and mortality 
counts observed on a day-to-day time frame cannot be 
explained by particles causing new cases of disease. Rather, 
the association could reflect that particles exacerbate preex
isting disease in persons affected with severe, chronic heart 
and lung diseases. The specific diseases of concern include 
the most common cardiac and pulmonary causes of death: 
ischemic heart disease (or coronary artery disease) and 
COPD. These diseases occur at high frequency in the gen
eral population and contribute significantly to total mortal
ity; in fact, ischemic heart disease is the leading cause of 
death in the United States and other Western cultures, and 
particulate air pollution could affect the total mortality rate 
only by being associated with mortality from heart disease. 
In addition, analyses of cause-specific mortality in some 
cities have shown the anticipated associations within these 
specific diseases of concern (Schwartz 1994b,c). 

We assume that the population can be divided into 
groups with greater and lesser susceptibility to air pollu
tion. The susceptible groups include persons with underly
ing heart or lung conditions (COPD, asthma, and ischemic 
heart disease), infants. elderly persons and perhaps persons 
with acute respiratory infections. The susceptible groups 
with preexisting disease are heterogeneous in the severity 
of the underlying condition, but would, at any given time, 
include some people who are so severely affected as to be 
vulnerable to air pollution exacerbating their underlying 
condition. For such persons, exacerbation may be followed 
by medical care with or without hospitalization, or by death 
in or out of the hospital. For infants and elderly persons 
without one of the chronic conditions of concern, air pol
lution exposure might increase mortality by increasing the 
incidence or severity of acute respiratory infections includ
ing bronchitis, bronchiolitis, and pneumonia. 

Thus, we postulate that some groups of individuals are 
sufficiently vulnerable to pollution exposure as to have an 
increased probability of dying on the day or days following 
exposure. Depletion of these groups constitutes the phe
nomenon sometimes called "harvesting", that is, advancing 
the time of death for the most severely affected persons. 
Because medical care would modify the effect of pollution 
exposure and hospitalization would substantially reduce or 
even eliminate exposure to ambient pollutants, deaths out 
of the hospital are expected to be the most sensitive indica
tor of pollution effect. By comparing days with higher 
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pollution to days with lower pollution, we predict a change 
in the location of deaths (a greater proportion out of the 
hospital). and a change in the distribution of the causes of 
death (a greater proportion accounted for by the causes 
associated with susceptibility). In one study, Schwartz (1994c) 
has shown increased out-of-hospital deaths in Philadelphia 
on days with higher pollution levels. 

Clinical reports on case-fatality rates after patients are 
hospitalized for heart and lung disease support this empha
sis on out-of-hospital deaths. Only a minority of persons 
hospitalized with heart and lung diseases die in the hospi
tal. and life-support interventions probably alter the tem
poral relationship between an effect of pollution that leads 
to hospitalization and any eventual death. For example, in 
a recent U.S. study of community-acquired pneumonia (i.e., 
cases of pneumonia developing in persons living in the 
community), 16% of patients died in the hospital (Brancati 
eta!. 1993). An even lower figure (4%) was reported from 
a study of community-acquired pneumonia in Sweden 
(Ortquist et a!. 1990). Recent studies of myocardial in
farction document a similar range of survival rates during 
hospitalization (Jenkins et a!. 1994; European Myocardial 
Infarction Project Group 1993); even in patients with a prior 
myocardial infarction, mortality in the first 15 days follow
ing reinfarction was only 14% in a study in Israel (Moshk
ovitz eta!. 1993). Surprisingly, only a minority of patients 
with COPD who are admitted with acute respiratory failure 
die while in the hospital, even though the condition of 
many patients is severe enough to warrant mechanical venti
lation (Rieves 1993; Weiss and Hudson 1994). A pooled esti
mate from a recent series of patients hospitalized with COPD 
and acute respiratory failure showed an overall mortality 
rate of only 10% (Weiss 1994). 

The three specific diseases of concern, acute respiratory 
infection, COPD, and ischemic heart disease, are conditions 
that are distinct from each other. However, COPD and 
ischemic heart disease are often present together because 
cigarette smoking and age are risk factors for both diseases. 
Moreover, pneumonia or another respiratory infection is 
frequently the immediate cause of death in persons com
promised by heart and lung diseases. Because of the in.ter
relatedness of these diseases, the specific cause of death 
may not always be readily discernible. We thus approach 
data analysis by considering mortality from all causes and 
also from specific causes. On an a priori basis, we do not 
anticipate that the timing of pollutant exposure in relation 
to death will be the same for each specific cause of death, 
or that the factors that may act with pollution to cause death 
will be the same. 
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ANALYTIC METHODS 

The overall scientific objective of the analysis was to 
estimate the relative change in the rate of mortality associ
ated with changes in air quality variables, controlling for 
variation in weather and other potential confounding fac
tors. The parameters of interest, therefore, are the percent
ages of change in daily mortality per unit of change in each 
air quality variable. 

To appropriately estimate the effects of changing air 
pollution. three key characteristics of mortality time-series 
data must be taken into account. First, counts by definition 
are positive integers, so the values predicted from the 
models also must be constrained to be positive. Second, the 
statistical variability of the count data tends to increase as 
the mean of the data increases. The "leading case" model for 
count data is the Poisson distribution (Feller 1968), for 
which the variance of a response is equal to its mean. With 
mortality data, however, there may possibly be unmeasured 
factors (e.g., influenza epidemics) that both affect the rate 
of death and cannot be measured and directly controlled 
for in regression models. Hence, the variance of the mortal
ity time-series data may exceed its mean - that is, be 
"overdispersed" (McCullagh and Neider 1989). Finally, the 
mortality counts on neighboring days may be more similar 
to one another than counts on more distant days, referred 
to as autocorrelation. As is the case for overdispersion. this 
serial correlation likely reflects the influences of unmeas
ured predictors. In summary, for mortality data, we need to 
apply a regression model that has positive predicted values, 
that allows the variance of the response to increase with the 
mean and perhaps to be greater than the mean, and that can 
account for the possible autocorrelation among mortality 
counts on neighboring days. 

The regression method used in this report is an extension 
of Poisson regression (McCullagh and Neider 1989), de
signed to account for the three characteristics of mortality 
time-series data. The model assumes that the logarithm of 
the expected count is a linear function of the predictor 
variables. As in Poisson regression, the regression coeffi
cient for a particular predictor is the logarithm of the ratio of 
mortality rates on two days with values for the predictor that 
differ by one unit. all other predictors being unchanged. 
Throughout the report, we will present log-linear regression 
coefficients multiplied by 1,000. These can be interpreted 
as approximately the percentage of change in mortality 
associated with a ten-unit change in the predictor variable. 

To account for variance exceeding the mean (overdisper
sion), we assume that the variance is proportional to the 
mean f.J.t, with proportionality constant, <l>t. that is assumed 
to be a smooth function of time, t, the mean, f.J.t, and their 
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product, llt x t. The overdispersion term <Pt is estimated by 
regressing the squared. standardized residuals from the 
log-linear model on t, Jlt, and llt x t using a Generalized 
Additive Model (Hastie and Tibshirani 1990). 

To estimate the log relative rates of interest, taking ac
count of the changing variance and the correlation among 
repeated observations, we used the extension of Poisson 
regression called Generalized Estimating Equations (GEE), 
(Liang and Zeger 1986). In GEE. the regression coefficients 
13 are chosen to make the model predictions 11il3l as close to 
the observations Yt as possible. To account for the correla
tion and changing variance, the vector ofresiduals, y-jl, is 
weighted by an estimate of the inverse of the covariance 
matrix. V = Var(y). The variances on the diagonal of this 
variance matrix are (j}t x llt. To complete the variance matrix. 
we also need an estimate of the correlations. We expect that 
the correlation between two mortality counts, yt and ys. will 
depend upon the time between the observations t and s. but 
also on their means, llt and !ls. Even so, we will use the 
working assumption that the correlations depend only on 
time of separation and can be approximated by a low-order 
autoregressive process. In this case. using GEE- that is, 
weighting by the inverse of the variance matrix - corre
sponds to first weighting each residual, Yt -!lt by the inverse 
of the square root of its variance, (<Ptvtl-'lz, and then filtering 
these weighted residuals with an autoregressive filter. One 
must also weight and filter the surrogate predictors when 
fitting the log-linear model. Hence. we estimate the log 
relative rate regression coefficients in the log-linear model 
by both weighting and filtering what corresponds to the 
responses and predictor variables in a Poisson regression. 

In summary, our method involves three distinct regres
sions, which are iterated until convergence: 

1. A log-linear regression of the expected mortality count 
on the air quality measures and other explanatory 
variables. The relative rate coefficients from this model 
are exactly comparable in their interpretations to those 
obtained from ordinary Poisson regression. 

2. A regression to estimate the overdispersion in which 
the squared residuals are regressed (using gamma re
gression) on time, the mean mortality, and their inter
action. 

3. A linear regression to estimate an autoregressive filter 
used in the log-linear regression to take account of the 
autocorrelation. 

A more complete description of the modeling approach 
used in the Phase I analyses is provided in Appendix A. 

Throughout this report, we refer to this statistical model as 
the IWFLS (iteratively weighted and filtered least-squares) 
model. 

RECONSTRUCTION AND COMPARISON OF THE 
PHILADELPHIA DATA BASES 

OVERVIEW 

Analytic data bases for the investigation of air pollution 
and mortality have been developed from publicly available 
data resources, including tapes of mortality compiled by the 
National Center for Health Statistics, and the air pollution 
data assembled in the Aerometric Information Retrieval 
Service of the Environmental Protection Agency. Although 
data base development is seemingly straight forward, the 
possibility of error is accentuated by the size of the files and 
the complexity ofthe coding for both the mortality data and 
the air pollution monitors. Accordingly, one Phase I objec
tive was to construct the analytic data base for Philadelphia. 
We chose this city because the time-series data spanned 
many years, and because three analyses had been reported 
for this city, each one involving the construction of an 
analytic data base. 

WEATHER 

We obtained National Weather Center data from Dr. 
Laurence S. Kalkstein of the Center for Climatic Research, 
Department of Geography at the University of Delaware. 
These data included four daily readings of temperature and 
dew point, which we averaged for each day. These daily 
averages for temperature and dew point for the years 1973 
through 1980 corresponded closely with those provided by 
Schwartz and Dockery (Figure 1). We found equally close 
correspondence with the temperature data provided by 
Moolgavkar for the same years (Figure 2). 

MORTALITY 

To reconstruct the mortality counts we used tapes from 
the National Center for Health Statistics (Table 1). These 
included tapes in the archives at the School of Hygiene and 
tapes purchased from the National Technical Information 
Service. We extracted death data for Philadelphia residents 
only, excluding death data for persons who died in the city 
but resided outside of it. We excluded external causes of 
death (e.g., accidents). 

Total mortality counts from the New Analysis were iden
tical to those provided by Schwartz and Dockery (Figure 3). 
Within categories by cause of death, only minor differences 
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were evident (Figure 4 and Table 2). Correspondence was 

close but not exact between the New Analysis data set and 

the data provided by Moolgavkar for total mortality (Figure 

3 and Table 3). 

AIR POLLUTION 

Data were available for 1973 through 1980 from 25 moni

tors for TSP and 14 for sulfur dioxide (S02l(Tables 4 and 
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Figure 1. Comparison between data from the Original Investigators and from 
the New Analysis for temperature (°F) and dew point (°F) in Philadelphia, 
1973-1980. 
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5). We averaged all available monitor values for each day 

(i.e .. values for monitors with measured, non-missing values). 

For TSP, the resulting daily average concentrations were quite 

close to those in the data set provided by Schwartz and 

Dockery (Figure 5); concordance was lower with the data 

provided by Moolgavkar. For SOz. agreement was closer 

with the Moolgavkar data (Figure 6). 
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Figure 2. Comparison between data from Moolgavkar and from the New 
Analysis for temperature (°F) in Philadelphia. 1973-1980. 

Table 1. Tapes Used for Mortality Countsa 

Year Tape Numbers 

1973 PB-300805 
1974 PB-300807 
1975b PB82-157322 
1976b PB81-186827 
1977b PB81-217382 
1978 PB81-125106 
1979 PB83-132357 
1980 PB83-261552 

' Mortality counts were obtained by extracting the necessary information 
from the Philadelphia data tapes, which were provided by the National 
Center for. Health Statistics. 

b These are data tapes for Multiple Causes of Death. All other data tapes are 
for Detailed Mortality. 
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Figure 3. Comparison between data from the Original Investigators or 
Moolgavkar and from the New Analysis for total mortality (deaths/day) in 
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Table 2. Comparison of Philadelphia Data Set, 1973-1980, Provided by Schwartz and Dockery with Data Extracted from 

National Center for Health Statistics Tapes: Numbers of Concordant and Discrepant Days by Cause of Death 

Number of Days When Counts Differed 

Number by Which Total Cardiovascular 
Counts Differed Mortality Disease Pneumonia Cancer 

0 (Concordant) 2.922 
1 0 
2 0 
3 0 
4 0 

Table 3. Comparison of Philadelphia Data Set, 
1973-1980, Provided by Moolgavkar with Data Extracted 

from National Center for Health Statistics Tapes: Number 

of Concordant and Discrepant Days 

Number by Which 
Counts Differed 

0 (Concordant) 
1 
2 

3 
4 
5 
6 or more 

10 

Number of Days When 
Counts Differed 

989 
1,049 

568 
240 

56 
13 

7 

2,104 2,900 2.863 
630 22 
160 0 

24 0 
4 0 

Table 4. Monitors Used from EPA Aerometric 

Information Retrieval Service Data Base for TSP 

59 
0 
0 
0 

Monitora Year 

3200 Frankford Avenue 
22nd Street and Parkway 
500 S. Broad Street 
1501 E. Lycoming Avenue 
Roxy Water Pump Station. Eva-Dearnley Streetb 
Broad Street and Allegheny Avenue 
Fire Boat Station, Allegheny Avenue 
Ford Road at Belmont Avenueb 
Island Road, East of Airport Circle 
Defense Support Center, 20th and Oregon Avenue 
S.E. Sewage Plant 
Grant and Ashton Roads 
City Hall 
Mobile Trailer, Broad and Spruce Streets 
Arming Avenue and Belgrade Streetb 
20th and Race Streets 
Allegheny Avenue and Memphis Street 
Edgemont and Auburn Streetsb 
lOth Street and Tabor Road 
Knorr and Cottage Streetsb 
84th Street and Lyons Avenueb 
13th and Wolf Streetsb 
59th Street and Greenway Avenueb 
13th Street and Montgomery Avenue 
4415 Almond Street 

1973 
1973-1977 
1973-1980 
1973-1980 
1973-1980 
1973-1974 
1973-1980 
1973-1980 
1973-1978 
1973-1974 
1973-1974 
1973-1980 
1974 
1974 
1974-1980 
1975-1978 
1980 
1980 
1980 
1980 
1980 
1980 
1980 
1980 
1980 

• All monitoring was done with high-volume gravimetric samplers. 

b These monitors were not labeled in the data base as to who was responsible 
for data collection. All other monitors were managed by Philadelphia Air 
Management Services. 
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Table 5. Monitors Used from EPA Aerometric Information Retrieval Service Data Base for SOz 

Monitor 

22nd Street and Parkway 

1501 E. Lycoming Avenue 

Roxy Water Pump Station, Eva-Dearnley Street" 
Broad Street and Allegheny Avenue 
Fire Boat Station, Allegheny Avenue 
Ford Road at Belmont Avenue• 
Island Road, East of Airport Circle 
Defense Support Center. 20th and Oregon Avenue 

S.E. Sewage Plant 

Grand and Ashton Roads 
City Hall 

Mobile Trailer. Broad and Spruce Streets 

S.W. Corner of Broad and Butler Streets 
20th and Race Streets 

Year 

1973-1975 

1973-1980 

1975-1980 
1973-1974 
1974-1980 
1975-1980 
1974--1980 
1974-1980 

1974--1980 

1975-1980 
1974 

1974--1980 

1975-1980 
1975-1980 

Method of Measuring SOz 

Instrumental West-Gaeke colorimetric except for: jan-Feb 1974. instrumental 
conductimetric; and May 1975, instrumental coulometric 

Instrumental West-Gaeke colorimetric except for: Oct 1973-Mar 1974, 
instrumental conductimetric; july 1974, instrumental coulometric; and june 
1977-Dec 1980, instrumental flame photometric 

Instrumental coulometric 
Instrumental conductimetric 
Instrumental coulometric 
Instrumental coulometric 
Instrumental coulometric 
Instrumental coulometric except for: July-Dec 1980. instrumental pulsed 

fluorescent 
Apr 1974-june 1975, instrumental West-Gaeke colorimetric; July 1975-Mar 

1980, instrumental coulometric; and July-Dec 1980, instrumental pulsed 
fluorescent 

Instrumental coulometric 
Feb-Mar 1974, instrumental conductimetric; and Apr 1974, instrumental 

West-Gaeke colorimetric 
July 1974-0ct 1978, instrumental West-Gaeke colorimetric; Nov 1978-Apr 

1980. instrumental coulometric; and May-Dec 1980. instrumental pulsed 
fluorescent 

Instrumental coulometric 
July 1975-june 1977, instrumental coulometric; and july 1977-Dec 1980, 

instrumental flame photometric 

• These monitors were not labeled in the data base as to who was responsible for data collection. All other monitors were managed by Philadelphia Air Management Services. 
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ANALYSES OF SELECTED DATA BASES 

OVERVIEW 

Working in collaboration with the Original Investigators 
and the Particle Epidemiology Evaluation Project Oversight 
Committee of the Health Effects Institute, data bases were 
selected for analysis in Phase I. The data bases selected 
included those used in the analyses reported by Dockery, 
Pope, Schwartz, and other colleagues for Philadelphia 
(Schwartz and Dockery 1992a), Eastern Tennessee and St. 
Louis (Dockery et al. 1992), Birmingham (Dockery et a!. 
1992), and the Utah Valley (Pope eta!. 1992). In addition. 
the data for Santa Clara were obtained from Fairley (1990). 
Moolgavkar had conducted analyses on mortality data for 
Philadelphia for the years 1973 through 1988, and provided 
his data base for us to reanalyze and compare with the data 
set used by Schwartz and Dockery for the overlapping years 
of 1973 through 1980. The specific data sets were selected 
to provide a range of climatic conditions and to include 
rural and urban locations. Philadelphia was of particular 
interest because of the multiple analyses reported for this 
city, the length of the time series, and the availability of data 
for both TSP and SOz. 

We were limited by the time frame of Phase I to data sets 
provided by the Original Investigators. Consequently, even 
though pollutants not considered in some of the analyses 
may be of interest, we could not feasibly construct data 
bases that included additional pollutants. For example, 
neither ozone nor carbon monoxide were considered in the 
analyses for Philadelphia. We cannot exclude the possibil
ity that some analyses are confounded by the uncontrolled 
effects of other pollutants, or that effects of particulate 
pollution could be modified by the effects of other pollut
ants excluded from analysis. 

Tables 6 and 7 describe the data sets used in the analyses. 
The data sets spanned from the 1970s into the 1980s and 
were as short as one year and as lengthy as eight years. The 
measures of particulate concentration were diverse, includ
ing TSP, PMto. PMz.s. and coefficient of haze. Pollution 
data were missing for some days in some of the data sets; 
such days were excluded, as appropriate, depending on the 
selected exposure metric. The type of information available 
on the weather also was not uniform. 

In conducting the analyses of the data from the selected 
cities, our general approach was to follow the original 
analyses, incorporate variables for weather comparable to 
those used by the Original Investigators, and follow the 
original methods for adjusting for underlying cycles and 
trends in the data. When details provided in published 
reports were inadequate for this purpose, we contacted the 
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Original Investigators. We carried out the initial reanalyses 
using Poisson regression. Our final models were performed 
with the IWFLS method described in the Analytic Methods 
section and Appendix A, except for the Santa Clara analyses. 
Our approach to performing analyses by quantile differed from 
that used by the Original Investigators. and our findings 
should be compared with those from the original analyses 
with this distinction in mind. We based the quantile groupings 
on the absolute levels of the particulate measures; the Original 
Investigators based their groupings on the residual values. 
after removing the effects of season and calendar time. 

Although we developed the IWFLS method in order to 
deal with overdispersion and autocorrelation, we found 
these characteristics only in the Philadelphia series. For 
Philadelphia, the average value ofthe overdispersion meas

ure, ~t. was 1.27, with 25th and 75th percentiles of1.18 and 
1.34, respectively. The first and second lag correlations in 
the second-order autoregressive model were 0.13 and 0.11, 
respectively. For St. Louis, Eastern Tennessee, Utah Valley, 
and Birmingham, the average degree of overdispersion was 
very close to 1 (0.92 to 1.06) and the autocorrelation was 
essentially 0. Hence, for these cities, regression coefficients 
and their standard errors obtained from ordinary Poisson 
regression were valid. 

We initially fit a model to control for weather, using 
temperature and dew point as available, and for season and 
longer-term time trends, if indicated; we then added the 
pollution variables. The final models used to control for 
weather, season, and time trends are summarized in Table 
8 for each city. These models were the starting point for 
assessing the effect of the pollution variables. If data were 
available for multiple pollutants, the effect of each was first 
assessed by adding it singly to the model with terms for 
weather and other pertinent factors. The models then were 
expanded to include multiple pollutants. 

Mortality is affected by weather in a complex fashion that 
depends on temperature, the patterning of weather condi
tions, and geographic location. In most reports on air pollution 
and mortality, weather variables have been considered as 
potential confounding factors. Variables for temperature, hu
midity, or both, have been included in models as covariates; 
in general, modeling strategies were directed at controlling 
potential confounding and not at modeling the weather
mortality relationship. We have followed this general ap
proach, using temperature and dew point (as available) and 
the variables included in the published reports. In Phase II, 
we intend to further assess the sensitivity of the analyses to 
the specification of the model for weather by using, for 
example, the synoptic approach. 

In this section, we report the final analyses for each of 
the selected cities or regions. Appendix B presents figures 
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that describe the data sets, and tables that provide summary 
statistics for the data sets, the models with weather vari
ables alone, and the analyses with the air pollution vari-

abies. Analyses ofthe Philadelphia data are included in this 
section; more detailed analyses and the sensitivity analyses 
of the Philadelphia data are presented in the next section. 

Table 6. Data Bases by Study Location: Characteristics of Time Period, Pollutants, Total Mortality Count, and Weather 
Variables 

Variable Philadelphia St. Louis 

Years of study 1973-1980 9/85-8/86 
Pollutants TSP.SO, PMto. PM,.s, H•. 

so,, No,, o, 
Total mortality 140.804 20,146 
Mean temperature (°F) 54.8' 57.83 

Temperature range (°F) 4- 89c 8- 91c 
Mean dew point 42.8d 
Dew point range 1 -76d 

• Mean of the 24-hour mean temperatures for the study interval. 
b Mean of the lowest daily temperatures for the study interval. 
c Range of the 24-hour mean temperatures for the study interval. 

Eastern 
Tennessee 

9/85-8/86 
PM to. PM,.s, H•. 

SO,, NO,, o, 
5,670 
59.8' 

11- 86c 
47.9d 

-10-71d 

d Mean or range of the 24-hour mean dewpoint (°F) values for the study interval. 
"Mean or range of the lowest daily relative humidity values for the study interval. 

Table 7. Means and Ranges for Pollutants by Locationa 

Eastern 
Pollutant Philadelphia St. Louis Tennessee 

TSP (j.Lg/m3
) 77.2 

(22- 338) 
PM to (J.lg/m3

) 27.6 30.1 
(1 -97) (4 -67) 

PMz.s (j.Lg/m3
) 17.7 21.0 

(1-75) (4- 58) 
Coefficient of Hazeb 

so, (ppb) 21.0 8.9 5.2 
(0 -137) (0-47) (-1.3- 29.2) 

NO, (ppb) 20.0 12.6 
(3.7- 51.4) (3.8- 33.5) 

o, (ppb) 22.5 23.0 
(-1.6- 63.7) (-o.os- 49.1) 

H+ (nmol/m3
) 9.8 36.1 

(0-87.8) (0- 289.8) 

Utah 
Valley 

4/85-12/89 
PM10 

4,649 
40.6b 

-20-92 
3o.5• 

6- 92• 

Utah 
Valley 

47.2 
(11.2- 296.7) 

Birmingham 

8/85-12/88 
PM10 

24,964 
62.63 

8-88 
50.8d 

-8- 75d 

Birmingham 

47.9 

'Values are reported as means with ranges provided in parentheses below as published by the Original investigators. 
b Mean and range of the annual means of coefficient of haze from 1980 through 1982 and 1984 through 1986. 

Santa 
Clara 

1980-1986 
COH 

10.956 
51.63 

39- 67c 

Santa 
Clara 

65.9 
(59.7- 79.6) 
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Table 8. Description of Variables for Weather, Season, and Time Trends Included in Regression Analyses 

Eastern 
Philadelphia St. Louis Tennessee Utah Valley Birmingham Santa Clara 

Weather Concurrent day Concurrent day 1-day-lagged Indicator variables 
temperature and temperature, temperature and for temperature 

1-day-lagged 
temperature, and an 
indicator variable 
for 1-day-lagged 
hot day (~ 83°F). 

dew point. 1-day- 1-day-lagged dew point. categories: 
lagged temperature, temperature, and an concurrent day < 20°F 
and an indicator indicator variable temperature. and 20-30°F 
variable for hot for hot days (~ 83°F). indicator variables 30-40°F 
days (~ 80°F). for concurrent day 40-50°F 

and 1-day-lagged 50-60°F 
hot days (~ 82°F). and 1-day-lagged 
concurrent humid low relative 
day (69%). and the humidity(~ 38%). 
interaction of hot 
with concurrent 
humid day. 

Season Indicator variables Indicator variables Indicator variables 
for winter day, and for winter. spring, for winter, spring, 
the interaction of and the interaction summer, and the 
winter day with of spring with interaction of 
temperature. concurrent day summer with 

temperature. concurrent day 

Time 

Other comments 

Continuous time 
trend, and indicator 
variables for year 
and day of the week. 

PIDLADELPIDA 

temperature. 

The data provided by the Original Investigators corre
sponded closely to those reported in their initial publica
tion (Schwartz and Dockery 1992b)(Table 9). In the data set 
provided for analysis, however, only deaths coded to em
physema were available and not those coded to the more 
inclusive category of COPD referred to in the publication. 
The model for weather included variables for temperature, 
humidity, and season, and an indicator variable for hot days 

(temperature 80°F or higher). The Original Investigators 
controlled for long-term time trends by including an indi
cator variable for each year, and continuous variables for 
time and the square of time. Our models excluded the 
variable for the square of time. 

Descriptive analyses showed that total mortality in
creased from the lowest to the highest quintile ofTSP (Table 
10). For total mortality, effects ofTSP and S02 were evident 
both in models that included only a single pollutant (e.g., 

16 

Continuous time 
trend. 

Linear time trend, 
quadratic time 
trend, and 
indicator variable 
for year. 

Mortality data 
filtered by adding 
24 sine and 24 
cosine terms to 
remove any cyclical 
effects. 

Indicator variable 
for year. and third
order poly-nomial 
on day. 

Nine models were 
fit to the Santa 
Clara data. These 
nine models were 
the same as models 
1--6 and 8-10 in the 
original analyses. 

TSP alone) and in models that included both pollutants 
simultaneously (i.e., TSP and S02) (Table 11). The coeffi
cients varied little as the specification ofthe autoregressive 
process (AR-2 or AR-5; see Appendix A) was changed. 
When the two pollutants were entered simultaneously into 
the same model, the magnitude of effect dropped by ap
proximately 40% for each pollutant. In addition to the 
variables for weather, this model also included indicators 
for year and days of the week, and a continuous variable for 
time. The model reported by Schwartz and Dockery (1992b) 
included an additional variable for the square of time and 
did not include the indicators for days of the week. Fitting 
the model used by the Original Investigators with conven
tional Poisson regression yielded coefficients of 0.43 for 
TSP (corrected t = 2.0) and of 0.81 for SOz (corrected t = 
1.7). With the square oftime and the day-of-week indicators 
in the model, the corresponding coefficients were 0.50 
(corrected t = 2.3) and 0.80 (corrected t = 1.7). values nearly 
identical to those obtained by Schwartz and Dockery. 
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The effect of the pollution variables appears to vary by 
age of the decedents (Tables 12 and 13). In Philadelphia, 
both TSP and S02 were associated with a higher mortality 
rate for residents 65 years of age and older. By contrast, 
when both pollutants were considered in the models simul
taneously, an effect of S02 was evident in the younger age 
stratum (< 65 years), but TSP was unassociated with mor
tality. When analyzed by cause of death, consistent effects 
were evident only for cardiovascular disease, the category 
having the largest number of deaths (Tables 14 through 16). 

We separately analyzed the data provided by Moolgavkar 
for the time period 1973 through 1980, the years that corre
spond to the data set from Schwartz and Dockery, and for 
the subsequent years, 1981 through 1988. In analyzing their 
data, Moolgavkar and colleagues ( 1995a) used a data set that 
incorporated all deaths in the city of Philadelphia, includ
ing those of persons not residing in the city at the time of 
death. Our analyses and those of Schwartz and Dockery 
were based on only those deaths among residents of Phila
delphia. Some differences were found when we applied the 
same model to the Schwartz and Dockery data set (Table 
11) and to the Moolgavkar data set for 1973 through 1980 
(Table 17). The coefficient for TSP from the New Analyses 
was about 30% lower for the Moolgavkar data set than for 
the Schwartz and Dockery data set. 

We applied the same regression model to the Moolgavkar 
data for the years 1981 through 1988 as to the data for earlier 
years. The general pattern indicated that TSP and S02 
coefficients were lower for the earlier period when the 
pollutants were entered individually. When entered to
gether, TSP appeared to be relatively more important in the 
later period (Table 18). 

Season plausibly could modify the effects of pollution 
because the contributions of sources change, patterns of 
time and activity vary, and the use of air conditioning and 
heating affect the penetration of outdoor pollution into 
indoor spaces. Consequently, we repeated these analyses 
with stratification by season (Tables 19 and 20). Heteroge
neity of the effects of the two pollution variables was 
evident in both time periods, although the patterns of 
variation appear to be disparate. In the earlier period ana
lyzed with bivariate models, the effect ofTSP was greatest 
in the summer and fall, and the effect of S02 was greatest 
in the winter and spring; in the later period, the effect of 
TSP was greatest in the spring and the effect of S02 was 
greatest in the summer. In the Sensitivity Analyses for 
Philadelphia section, we further examine heterogeneity by 
season. 

Table 9. Summary Statistics for the Philadelphia Data Set, 1973-1980 

Quantile 

Variable Min 0.05 0.10 0.25 0.50 0.75 0.90 0.95 Max Mean 

Weather 
Temperature (°F) 4 25 30 41 56 71 77 80 89 54.8 
Dew point (°F) 1 9 15 28 44 59 68 70 76 42.8 

Air pollution 
TSP (~-tglm3) 22 37 43 56 73 94 116.5 132 338 77.2 so2 (ppbl 0 6 8 12 18 27 39 46 137 21 

(6)" {8) (12) (18) (27) (39) (46) (21) 

Daily mortalitY' 
Total 26 35 37 42 48 54 60 64 92 48.2 Younger(< 65 yr) 3 10 11 14 17 20 23 25 36 16.9 
Older (2: 65 yr) 13 21 23 26 31 36 40 44 68 31.3 

Daily cause-specific mortalitY' 
Cardiovascular disease 7 13 15 18 22 26 30 32 48 22.1 Cancer 1 5 6 8 10 13 15 16 23 10.5 Pneumonia 0 0 0 0 2 3 4 9 1.4 Emphysema 0 0 0 0 0 0 1 1 3 (COPD)c (0) (0) (0) (1) (1) (2) (3] (0.8) 

• Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 
b These Philadelphia mortality counts include only those people who resided in Philadelphia at the time of death. 
c Schwartz and Dockery (1992a) evaluated data related to the more general classification of COPD, not specifically to emphysema. 
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Table 10. Relative Risks and Confidence Intervals by Quintile ofTSP for Philadelphia Total Mortality, 1973-1980. 
Controlling for Season, Date, Year, and Weather 

TSPa Range 
Quintile (J,1g/m3) 

1 24.5-55.5 
2 55.5-67.5 
3 67.5-79.5 
4 79.5-95.5 
5 95.5-233 

• Data for concurrent day and prior day were used to calculate average TSP. 

b Corrected for constant over-dispersion. 

Relative 
Risk 95% Clb 

1.01 (0.99, 1.03) 
1.01 (1.01. 1.03) 
1.02 (1.00, 1.04) 
1.05 (1.03, 1.07) 

Table 11. IWFLS Log-Linear Regressions of Philadelphia Total Mortality, 1973-1980, on TSP and S02, Controlling for 
Season, Date, Year, and Weather 

Variable 

TSP (~glm3) alone 

SO, (ppb) alone 

TSP and SO, together 
TSP 

so, 

TSP 
so, 

TSP 
so, 

Model 

Log-linear< 

AR-2 
AR-5 

Log-linea{ 

AR-2 
AR-5 

Log-Iinearc 

AR-2 

AR-5 

~ (x 1000)a SE (~X 1000)a 

0.83 0.12 
(0.67)d (0.13) 
0.78 0.16 
0.80 0.16 

1.8 0.26 
(1.3) (0.29) 
1.8 0.34 
1.8 0.34 

0.50 0.16 
(0.50) (0.18) 
1.21 0.34 

(0.57) (0.40) 
0.46 0.21 
1.1 0.46 

0.41 0.21 
1.2 0.46 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02• 

b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from !be Schwartz and Dockery analysis (1992a) are given in parentheses. 
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Correct\d 
t Value 

6.0 
(5.0) 
4.9 
5.1 

6.1 
(4.6) 
5.2 
5.5 

2.8 
(2.8) 
2.9 

(1.4) 
2.2 
2.4 

2.0 
2.7 
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Table 12. IWFLS Log-Linear Regressions of Philadelphia Mortality (for Ages~ 65 Years), 1973-1980, on TSP and S02, Controlling for Season, Date, Year. and Weather 

Variable 

TSP [JJg/m3
) alone 

S02 (ppb) alone 

TSP and S02 together 
TSP 
so, 

TSP 
so, 

TSP 
so, 

Model 

Log-linear ' 

AR-2 
AR-5 

Log-linear ' 
AR-2 
AR-5 

Log-linear ' 

AR-2 

AR-5 

6 (x 1000)a SE (6 x 1000)a 

1.04 0.15 
(0.91)d (0.16) 
1.04 0.19 
1.1 0.19 

2.1 0.32 
2.1 0.41 
2.2 0.41 

0.70 0.20 
1.1 0.42 

0.77 0.26 
0.99 0.56 

0.70 0.26 
1.2 0.57 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02 . 
b Corrected for over-dispersion. 

' Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis [1992a) are given in parentheses. 

Corrected 
t Valueb 

6.1 
(5.7) 
5.4 
5.5 

5.7 
5.0 
5.4 

3.2 
2.4 

2.7 
1.8 

2.7 
2.1 

Table 13. IWFLS Log-Linear Regressions of Philadelphia Mortality (for Ages< 65 Years), 1973-1980, on TSP and S02, Controlling for Season, Date, Year, and Weather 

Variable 

TSP (JJg/m3
) alone 

SOz (ppb) alone 

TSP and SO, together 
TSP 
so, 

TSP 
so, 

TSP 
so, 

Model 

Log-linear' 

AR-2 
AR-5 

Log-linear' 
AR-2 
AR-5 

Log-linear c 

AR-2 

AR-5 

6 (x 1000)a SE (6 x 1000)a 

0.45 0.21 
[0.27)d [0.21) 
0.35 0.23 
0.40 0.23 

1.3 0.44 
1.2 0.4B 
1.2 0.48 

0.12 0.27 
1.1 0.56 

-Q.06 0.31 
1.3 0.65 

-0.05 0.31 
1.4 0.66 

'~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02• 
b Corrected for over-dispersion. 

' Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Corrected 
t Valueb 

2.1 
(1.3) 
1.5 
1.7 

2.B 
2.6 
2.6 

0.44 
1.9 

-Q.19 
2.0 

-D.16 
2.1 

19 



The Association of Mortality and Particulate Air Pollution 

Table 14. IWFLS Log-Linear Regressions of Philadelphia Cancer Mortality, 1973-1980. on TSP and SOz, Controlling for 

Season, Date, and Weather 

Variable 

TSP (J.tg/m3
) alone 

SOz (ppb) alone 

TSP and S02 together 
TSP 
so2 

TSP 
SOz 

TSP 
SOz 

Model 

Log-linear< 

AR-2 
AR-5 

Log-linear< 
AR-2 
AR-5 

Log-linear< 

AR-2 

AR-5 

6 (x lOOO)a SE (~X lOOO)a 

0.24 0.27 
(0.36)d (0.26) 
0.15 0.28 
0.24 0.28 

1.01 0.57 
0.90 0.59 
0.93 0.59 

-o.ll 0.34 
0.16 0.73 

-o.25 0.36 
1.2 0.80 

-o.16 0.38 
1.1 0.81 

a ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 

b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Corrected 
t Valueb 

0.86 
(1.4) 
0.55 
0.86 

1.7 
1.5 
1.6 

-o.30 
1.5 

-o.65 
1.5 

-o.42 
1.4 

Table 15. IWFLS Log-Linear Regressions of Philadelphia Cardiovascular Mortality, 1973-1980, on TSP and S02, 

Controlling for Season, Date, Year, and Weather 

Variable 

TSP (J.1g/m3
) alone 

SOz (ppb) alone 

TSP and SOz together 
TSP 
SOz 

TSP 
SOz 

TSP 
SOz 

Model 

Log-linear< 

AR-2 
AR-5 

Log-linearc 
AR-2 
AR-5 

Log-linearc 

AR-2 

AR-5 

6 (x 1000)a SE (6 X 1000)a 

1.0 0.16 
(0.92)d (0.18) 
0.92 0.21 
0.95 0.21 

2.1 0.36 
1.9 0.44 
2.1 0.44 

0.67 0.23 
1.2 0.49 

0.66 0.26 
0.98 0.60 

0.57 0.26 
1.2 0.60 

'~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 

b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 
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Correctttd 
t Value 

5.4 
(5.0) 
4.4 
4.5 

5.2 
4.5 
4.6 

2.7 
2.3 

2.3 
1.6 

2.0 
2.1 
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Table 16. IWFLS Log-Linear Regressions of Philadelphia Pneumonia Mortality, 1973-1980. on TSP and S02, 
Controlling for Season. Date, Year. and Weather 

Variable 

TSP (~g/m3) alone 

SOz (ppb) alone 

TSP and S02 together 
TSP 
SOz 

TSP 
502 

Model 

Log-linearc 

AR-2 
AR-5 

Log-linearc 
AR-2 
AR-5 

Log-linear' 

AR-2 

AR-5 

6 (x 1000)
8 

SE (6 X 1000)a 

2.0 0.70 
(1.02)d (0.70) 
1.8 0.78 
1.8 0.78 

. 1.7 1.5 
2.7 1.6 
3.1 1.7 

2.0 0.91 
0.09 1.9 

1.3 1.06 
1.6 2.2 

1.0 1.1 
2.2 2.3 

• ~(x 1000) is interpreted as approximately the percentage of change in mortality per 10-unil change in TSP or 502. 
b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Corrected 
t Valueb 

2.6 
(1.5) 
2.3 
2.2 

1.7 
1.6 
1.9 

2.0 
0.04 

1.2 
0.72 

0.96 
0.99 

Table 17. Poisson Regressions of Philadelphia Total Mortality, 1973-1980a. on TSP and S02. Controlling for Season, 
Date, Year, and Weather 

Variableb 6 (x 1000)c SE (6 X 1000)c 
Uncorrected 

tValue 

TSP ()J.g/m3
) alone 

Concurrent day 0.52 0.10 5.1 
Prior day 0.57 0.09 5.8 
Average 0.77 0.12 6.3 

SOz (ppb) alone 
Concurrent day 1.1 0.23 4.7 
Prior day 1.4 0.22 6.5 
Average 2.0 0.28 7.2 

TSP and S02 together 
TSP average 0.35 0.17 2.0 
S02 average 1.5 0.40 3.8 

• From data provided by Moolgavkar and associates [1995). 
b Data for concurrent day and one prior day were used to calculate averages. 
c ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unil change in TSP or S02• 

d Corrected for constant over-dispersion. 

Corrected 
t Valued 

4.5 
5.1 
5.6 

4.2 
5.8 
6.4 

1.8 
3.4 
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Table 18. Poisson Regressions of Philadelphia Total Mortality, 1981-1988a, on TSP and S02, Controlling for Season, 

Date. Year. and Weather 

~ (x lOOO)c SE (~X lOOO)c 
Uncorrected 

Variableb t Value 

TSP l11g/m3
) alone 

Concurrent day 0.81 0.14 5.7 
Prior day 0.88 0.14 6.5 
Average 1.2 0.17 7.2 

SOz (ppb) alone 
Concurrent day 1.6 0.41 3.9 
Prior day 2.0 0.37 5.4 
Average 2.7 0.47 5.6 

TSP and S02 together 
TSP average 0.99 0.21 4.7 
SOz average 0.92 0.60 1.5 

• From data provided by Moolgavkar and associates (1995). 

b Data for concurrent day and one prior day were used to calculate averages. 

c ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SOz. 

d Corrected for constant over-dispersion. 

Corrected 
tValued 

5.2 
6.0 
6.7 

3.6 
5.0 
5.2 

4.4 
1.4 

Table 19. Poisson Regressions of Philadelphia Total Mortality (Overall and Seasonal Averages), 1973-1980a. on TSP 

and S02, Controlling for Date, Year, and Weather 

~ (x lOOO)b SE (~ X lOOO)b 
Uncorrected Corrected 

Variable t Value t Valuec 

Overall 
TSP l11g/m3

) alone 0.77 0.12 6.3 5.6 
SOz (ppb) alone 2.0 0.28 7.2 6.4 
TSP and SOz together 

TSP 0.35 0.17 2.0 1.8 
SOz 1.5 0.40 3.8 3.4 

Spring 
TSP l11gim3

) alone 0.76 0.30 2.5 2.3 
so, (ppb) alone 2.28 0.74 3.1 2.9 
TSP and S02 together 

TSP 0.29 0.36 0.79 0.75 
so, 2.0 0.89 2.2 2.1 

Summer 
TSP (~tg/m3 ) alone 0.78 0.31 2.5 2.3 
SOz (ppb) alone 1.8 0.75 2.5 2.3 
TSP and SOz together 

TSP 0.73 0.38 1.9 1.7 
SOz 1.1 1.1 1.0 0.95 

Fall 
TSP (11g/m3

) alone 0.41 0.27 1.5 1.40 
SOz (ppb) alone 0.77 0.61 1.3 1.2 
TSP and S02 together 

TSP 0.53 0.40 1.3 1.2 
so, --0.16 0.93 --0.17 --0.15 

(Table continues next page). 
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Table 19. Poisson Regressions of Philadelphia Total Mortality (Overall and Seasonal Averages). 1973-1980a, on TSP 
and S02, Controlling for Date. Year, and Weather (continued) 

~ (x lOOO)b SE (~ X lOOO)b 
Uncorrected 

Variable tValue 

Winter 
TSP (~g/m3 ) alone 0.31 0.23 1.3 
SO, (ppb) alone 1.5 0.51 2.9 
TSP and SO, together 

TSP -0.21 0.33 -0.63 
so, 1.6 0.74 2.2 

'From data provided by Moolgavkar and associates (1995). 

b G (x 1000) is interpreted as approximately the percentage of change in mortality per 10·unit change in TSP or SOz. 
'Corrected for constant over-dispersion. 

Corrected 
t Valuec 

1.1 
2.5 

-o.54 
1.9 

Table 20. Poisson Regressions of Philadelphia Total Mortality (Overall and Seasonal Averages), 1981-1988a, on TSP 
and SOz, Controlling for Date. Year. and Weather 

~ (x lOOO)b SE (~X lOOO)b 
Uncorrected Corrected 

Season t Value t Valuec 

Overall 
TSP (~g/m3 ) alone 1.2 0.17 7.2 6.7 
SO, [ppb) alone 2.7 0.47 5.6 5.2 
TSP and SO, together 

TSP 0.99 0.21 4.7 4.4 so, 0.92 0.60 1.5 1.4 

Spring 
TSP (J.Jg/m3

) alone 1.4 0.39 3.5 3.3 
SO, (ppb) alone 2.8 1.3 2.1 1.9 
TSP and S02 together 

TSP 1.3 0.46 2.9 2.7 so, 0.45 1.6 0.29 0.27 

Summer 
TSP (J.lglm3

) alone 1.2 0.40 3.1 2.8 
SO, (ppb) alone 4.1 1.5 2.7 2.4 
TSP and SO, together 

TSP 0.88 0.46 1.9 1.7 so, 2.6 1.8 1.5 1.3 

Fall 
TSP ()Jg/m3

) alone 0.84 0.34 2.5 2.5 
SO, (ppb) alone 1.6 1.1 1.5 1.5 
TSP and SO, together 

TSP 0.92 0.46 2.0 2.0 so, -o.37 1.6 -0.23 -o.23 

Winter 
TSP (~g/m3 ) alone 0.68 0.33 2.1 1.6 
SO, (ppb) alone 1.7 0.70 2.4 2.1 
TSP and SO, together 

TSP 0.27 0.49 0.54 0.49 so, 1.2 1.0 1.2 1.0 

a From data provided by Moolgavkar and associates (1995). 

b G (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SOz. 
c Corrected for constant over-dispersion. 
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Table 21. Summary Statistics for the St. Louis Data Set, September 1985-August 1986 

Days of 
Variable Observation Mean SD Min Median Max 

Weather 
Temperature (°F) 365 57.8 20.1 8 60 91 

Dew point (°F) 365 [45.0). (19.4) (-7) (75) 

Particulate air pollution 
PM10 (J.Lg/m3

) 311 27.6 15.0 24 97 

PMz.s (J.Lg/m3
) 312 17.7 10.0 1 16 75 

so. -z (J.Lg/m3
) (311) (8.0) (5.1) (0) (38) 

H+ (nmol/m3
) 220 9.8 12.0 0 6.1 87.8 

Gaseous air pollution 
so, (ppb) 353 8.9 5.8 0 7.7 47.0 

NOz (ppb) 324 20.0 7.0 5.7 19.3 51.4 

o,(ppbl 325 22.5 18.5 -1.6 21.0 63.7 

Daily total mortality 365 55.9 8.2 31 56 81 

a Values from the analysis by Dockery and associates (1992) are given in parentheses. Only the Original Investigators' data are given for so. -z because the Ne~ 
Analysts did not evaluate so.-'. 

ST. LOUIS 

The St. Louis data cover only one year, but do include 

measurements ofPM10, PM2.s. S02, nitrogen dioxide (N02), 

hydrogen ion (W}, and ozone (03)(Table 21). The particu

late measures were tightly correlated with each other, as 

anticipated, but each particulate measure was less tightly 

correlated with S02 (see Appendix B, Figure B.6). By quin

tile, a pattern of increasing mortality with increasing PM10 

was not evident except perhaps for the highest quintile 

(Table 22). In the initial univariate analyses, only the two 

particulate indexes were associated with total mortality 

(see Appendix B). The results of fitting the PM10 model 

using the IWFLS method are summarized in Table 23. 

Table 22. Relative Risks and Confidence Intervals by 

Quintile of Prior Day's PM10 for St. Louis Total Mortality, 

September 1985-August 1986, Controlling for Season 

and Weather 

PM10 Range Relative 
Quintile l1J.glm3) Risk 95% Cia 

1-15 1 
2 15-22 0.99 (0.96, 1.05) 
3 22-29 1.00 (0.94. 1.04) 
4 29--40 1.00 (0.94, 1.05) 
5 40-97 1.05 (1.00, 1.12) 

• Corrected for constant over-dispersion. 

Table 23. IWFLS Log-Linear Regressions for St. Louis Total Mortality, September 1985-August 1986, on Prior Day's 

PM10, Controlling for Season and Weather 

Variable Model ~ (x 1000)a SE (~ x 1000)a 

PM,o (J.Lg/m3
) Log-linearc 1.5 0.71 

(1.5)d (0.69) 
AR-2 1.5 0.67 
AR-5 1.4 0.63 

a ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the prior day's PM10 level. 

b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the analysis by Dockery and associates (1992) are given in parentheses. 
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Table 24. Summary Statistics for the Eastern Tennessee Data Set, September 1985-August 1986 

Days of 
Variable Observation Mean SD Min Median Max 

Weather 
Temperature (°F) 365 59.8 17.2 11 63 86 
Dew point (°F) 365 47.9 17.8 -1 53 71 

Particulate air pollution 
PMw (1!g/m3

) 330 30.1 12.1 4 30 67 
PMz.s (1!g/m3

) 331 21.0 9.4 4 20 58 so._, (l!g/m3) (330)" (8.7) (5.0) (1) (27) H+ (nmollm3) 232 36.1 39.6 0 22.5 289.8 
(90) Gaseous air pollution 

so, (ppb) 361 5.2 4.1 -1.3 4.5 29.2 
(O) 

NO, (ppb) 338 12.6 5.1 3.8 11.8 33.5 o,(ppbl 358 23.00 11.4 -o.08 22.3 49.1 
(0) 

Daily total mortality 365 15.5 4.2 5 15 29 

• Values from the analysis by Dockery and associates (1992) are given in parentheses. Only the Original Investigators' data are given for so._, because the New Analysts did not evaluate S04 -z. 

EASTERN TENNESSEE 

The Eastern Tennessee data also spanned only one year 
and included the same pollution measures as the St. Louis 
data set (Table 24). Mortality appeared to increase with 
higher PM10 quintiles (Table 25). After controlling for 
weather variables, the effects of the pollution variables on 
total mortality were not statistically significant (Table 26). 

Table 25. Relative Risks and Confidence Intervals by 
Quintile of Prior Day's PM1o for Eastern Tennessee Total 
Mortality, September 1985-August 1986, Controlling for 
Season and Weather 

PM1o Range Relative 
Quintile (1J.g/m3) Risk 95% Cia 

4-19 
2 19-25 1.03 (0.93, 1.13) 
3 25-32 1.04 (0.94, 1.16) 
4 32-41 1.05 (0.95, 1.16) 
5 41--67 1.06 (0.95, 1.19) 

• Corrected for constant over-dispersion. 

Table 26. IWFLS Log-Linear Regressions of Eastern Tennessee Total Mortality, September 1985-August 1986, on Prior 
Day's PM10, Controlling for Season and Weather 

Variable Model 6 (x 1000)a SE (~X lOOO)a 

PM to (~Aglm3 ) Log-linearc 1.6 1.4 
(1.6)d (1.5) 

AR-2 0.82 1.5 
AR-5 0.48 1.5 

• 8 (x 1000] is interpreted as approximately the percentage of c;hange in mortality per 10-unit change in the prior day's PM to level. 
b Corrected for over-dispersion. 
c Fit by Poisson regression. 
d Values from the analysis by Dockery and associates (1992] are given in parentheses. 

Corrected 
t Valueb 

1.0 
[1.1) 
0.56 
0.32 
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Table 27. Summary Statistics for Utah Valley Data Set, April1985-December 1989 

Days of 

Variable Observation Mean SD 

Weather 
Low temperature (°F) 1,736 40.6 15.4 

Low relative humidity(<: 38%) 1.736 30.5 14.3 

Air pollution 
PM to [Jlg/m3

) 1,706 47.2 33.7 

Daily total mortality 1,736 2.7 

Daily cause-specific mortality 
Cardiovascular disease 1.736 1.2 
Respiratory disease 1,736 0.26 

UTAH VALLEY 

The numbers of deaths are relatively small for the Utah 

Valley data set (Table 27). The data for PM10 show several 

winters with elevated levels; the steel mill, the principal 

source of the elevated particle concentrations was closed 

during the winter of1986-1 987 and levels dropped that year 

(see Appendix B). By quintile ofPM10. mortality appeared 

to increase in the two highest quintiles only, although not 

significantly (Table 28). The modeling results in Table 29 

showed a significant effect of PM10 on mortality. 

1.7 

1.1 
0.51 

Percentile 

Min 25th 50th 75th Max 

-20 30 42 53 72 

6 20 26.5 38 92 

11.2 29 38 51 296.7 

0 2 4 12 

0 0 1 2 6 
0 0 0 0 3 

Table 28. Relative Risks and Confidence Intervals by 

Quintile of Five-Day-Lagged Average PM10 for Utah 

Valley Total Mortality, April1985-December 1989, 

Controlling for Weather 

PM10 Range Relative 

Quintile (l!g/m3) Risk 95% Cia 

1 11.2-27 1.00 
2 27-34.2 0.98 (0.89, 1.09) 

3 34.2-42.2 0.99 [0.89. 1.09) 

4 42.2-56.2 1.04 (0.94, 1.16) 

5 56.2-296 1.08 (0.97, 1.21) 

' Corrected for constant over-dispersion. 

Table 29. IWFLS Log-Linear Regressions of Utah Valley Total and Cause-Specific Mortality, April1985-December 1989, 

on Five-Day-Lagged Average ofPM10, Controlling for Weather 

Variable Model ~ (x 1000)a SE (~ x 1000)a Corrected t Valueb 

Total mortality Log-linear' 1.6 0.51 2.8 
(1.5)d (0.31) (4.8) 

AR-2 1.6 0.50 3.1 

AR-5 1.6 0.50 3.2 

Cause-specific mortality 
Cardiovascular disease Log-linear' 1.8 0.72 2.3 

(1.8) (0.72) (2.5) 

AR-2 1.8 0.74 2.4 

AR-5 1.9 0.72 2.5 

Respiratory disease Log-linear c 3.9 1.5 2.9 
3.6 1.5 2.4 

AR-2 3.7 1.5 2.4 

AR-5 3.8 1.5 2.5 

All others Log-linear c 0.61 0.80 0.69 
(0.50) {0.80) (0.63) 

AR-2 0.51 0.80 0.64 

AR-5 0.52 0.80 0.65 

'~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the five-day-lagged average PM10 level. 

b Corrected for over-dispersion. 

' Fit by Poisson regression. 

d Values from the analysis by Pope and associates (1992) are given in parentheses. 
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Table 30. Summary Statistics for Birmingham Data Set, August 1985-December 1988 

Percentile 

Variable Mean 10th 25th 50th 75th 90th Max 

Weather 
Temperature (°F) 62.6 40 51 64 76 81 88 Dew point (°F) 50.8 26 37 53 66 71 75 

Air pollution 
PM10 (J.lg/m3

) 47.9 31 29 44 62 80 163 
Daily total mortality 17.1 12 14 17 20 23 33 (10)' 

• Results from the original analysis by Schwartz (1993) are given in parentheses when they differ from the New Analysis values. 

BIRl\flNGHAM 

The data set for Birmingham spanned about three-and-a
half years (Table 30). By quartile, the relative risk estimates 
were elevated for the top two quartiles of PM10 concentra
tion (Table 31). A regression coefficient was not supplied 
in the original report; however, for a 100-jlg/m3 increment 
in PM1o concentration, a relative risk value of 1.11 was 
reported (95% CI 1.02, 1.20), which corresponds to the 
same regression coefficient that we obtained (Table 32). 

Table 31. Relative Risks and Confidence Intervals by 
Quartile ofPM10 for Birmingham Total Mortality, August 
1985-December 1988, Controlling for Year, 48 Sinusoidal 
Terms, Time, and Weather 

PM10 a 
Range Relative 

Quartile (jlg/m3) Risk 95% Clb 

1 13-32.8 1.00 
2 32.8-45.3 1.02 (0.98, 1.06) 
3 45.3-60 1.05 (1.00, 1.09) 
4 60--146.7 1.04 (1.00, 1.09) 

a Data for the three prior days were used to calculate average PM10. 
b Corrected for constant over-dispersion. 

Table 32. IWFLS Log-Linear Regressions of Birmingham Total Mortality, August 1985-December 1988, on Mean of PM1o for the Three Previous Days, Controlling for Year, 48 Sinusoidal Terms, Date, and Weather 

Variable Model ~ (x 1000)a SE (~X 1000)a 

PM,o ().lg/m3
) Log-linear< 1.02 0.40 

(1.02)d (0.43) 
AR-2 0.88 0.38 
AR-5 0.97 0.37 

a~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in PM1o level. 
b Corrected for over-dispersion. 
c Fit by Poisson regression. 
d Values from the Schwartz and Dockery analysis (1993) are given in parentheses. 

Corrected 
t Valueb 

2.5 

2.3 
2.6 
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SANTA CLARA 

Data were considered only for the winter in the Santa 
Clara data set. We did not have data for 1983, as in the 
original report by Fairley (1990) (Table 33). The number of 
deaths we calculated in the cardiovascular cause-of-death 
category differed from that in Fairley's original report, as 
.did the number of deaths categorized as "other" (Table 33). 
We ran a series of models using ordinary least-squares 

The Association of Mortality and Particulate Air Pollution 

regression, as in the original analyses. These models dif
fered in the variables included and whether the coefficient 
of haze was lagged or unlagged. For total mortality, our 
findings were close to those previously reported (Table 34). 
The findings differed for cardiovascular disease and "other" 
as causes of death, reflecting the different counts in the data 
set originally analyzed by Fairley (1990) and the one he 
provided for our analysis (see Appendix B, Table B.40). 

Table 33. Summary Statistics for the Santa Clara Data Set, 1980-1986 

Variable 1980 1981 1982 1984 1985 1986 

Daily mortality 17.67 18.06 18.30 18.81 19.46 18.84 
Coefficient of haze 69.25 59.65 60.37 59.85 79.57 66.65 

(67.9)" (56.3) (59.5) (60.9) (86.8) (70.0) 

'Results from the original analysis by Fairley (1990) are given in parentheses. 

Table 34. Linear Regressions of Santa Clara Total Mortality, 1980-1986, on Coefficient of Haze, Controlling for Year, 
Day of the Winter, and Weather 

~ of Coefficient 
of Haze 

Model a (x 1000) SE (~ x 1000) Adjusted R2 F p Value 

9.9 2.5 2.8 15.6 < 0.0001 
(9.9)b (2.5) (2.7) (16.0) (< 0.0001) 

2 9.5 2.5 7.8 4.2 < 0.0001 
(9.4) (2.5) (6.7) (4.4) (< 0.0001) 

3 8.2 2.9 8.4 1.6 0.19 
(8.3) (2.9) (7.1) (2.0) (0.16) 

4 6.4 2.9 13.5 10.6 < 0.0001 
(8.4) (2.9) (11.3) (11.0) [< 0.0001) 

5 6.7 3.0 16.1 2.3 0.03 
[6.4) [3.0) (13.2) (2.7) (0.01) 

6 4.8 3.2 18.6 1.2 0.31 
(4.8) (3.2) (13.4) (1.1) (0.34) 

8 6.3 3.1 14.5 0.99 0.43 
(6.1) (3.1) (11.2) {1.2) {0.33) 

9 2.6 4.1 14.6 3.6 0.03 
(2.9) [4.1) (12.6) (3.7) (0.03) 

10 2.5 4.2 14.9 1.4 0.20 
(2.0) (5.0) (12.9) (1.7) 

"Description of models: 1. coefficient of haze only: 2, model1 plus year indicators: 3, model2 plus temperature and relative humidity, continuous: 4, model 
3 plus third-order polynomial for day of the winter; 5, model4 plus the interaction between indicators for day of the winter and years; 6, modelS plus separate 
third-order polynomials fit to each year; 8, model4 plus six temperature lag indicators: 9, model4 plus two coefficient of haze lag indicators; and 10, model 
4 plus six coefficient of haze lag indicators. 

b Results from the original analysis by Fairley (1990) are given in parentheses. 
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SUMMARY 

Six data sets were analyzed with parallel but not identi
cal modeling approaches; differences were noted in the 
extent of data available on weather and air pollution, and 
in the variables used to control for the effects of weather 
and of short- and long-term time trends (Table 35). Differ
ences also were apparent in the measures of particulate 
matter, including the type of particulate matter index and 
the parameter used to represent the exposure of interest 
(Table 35). 

In spite of these differences, positive associations were 
found in each of the six locations (Table 35). Coefficients 
were similar in the four locations with PM1o as the indicator 
of particulate matter concentration. The effect of the par
ticulate matter index was statistically significant in each 
location, except Eastern Tennessee. However, potential con
founding by other pollutants could have been considered 
only for Eastern Tennessee, Philadelphia, and St. Louis, 
and only Philadelphia offered sufficient data to do so. 

SENSITMTY ANALYSES FOR PHILADELPHIA 

INTRODUCfiON 

This section assesses the sensitivity of inferences about 
the relationship between air quality and mortality, control
ling for weather and other factors, to specific modeling 
choices. We consider five specific aspects of the analysis: 

• specification of the model for temperature and dew 
point; 

• specification of the model for SOz and TSP, given the 
weather; 

• differences in the results of the SOz and TSP models 
by season; 

• assumptions about the lag structure for SOz and TSP; 
and 

• choice ofthe model for autocorrelation in the mortality 
counts. 

MODELING TE.l\1PERATURE AND DEW POINT 

Mortality models originally fit by Schwartz and Dockery 
to the Philadelphia data include linear terms for the pre
vious day's mean temperature and the current day's mean 
dew point, and indicators of hot days and winter tempera
tures. To assess the validity of this specification, we have 
estimated a two-dimensional non parametric surface of tem
perature and dew point that optimally predicts mortality in 
the Philadelphia data. This surface is the locally optimal 
estimating and smoothing scatterplots (LOESS) estimate of 
the weather component ofthe linear predictor in a Poisson 
regression application of Generalized Additive Models, as 
described by Hastie and Tibshirani (1990). 

The two-dimensional LOESS surface that optimally pre
dicts Philadelphia mortality is shown in Figure 7. The 
three-dimensional figure presents the relationship between 

Table 35. Summary of Regression Model Results for Particulate Matter Indexes 

Particulate 
Matter 

Particulate Exposure Other 
Location Matter Index Metric Pollutants 

Philadelphia TSP Mean of concurrent so2 (pphl 
(J.Ig/m3) and one prior day 

St. Louis PM to 

(l'g/m3) 
Prior day 

Eastern Tennessee PM to Prior day 
(J.Ig/mJ) 

Utah Valley PM to Five-day-
(J.Ig/mJ) lagged average 

Birmingham PM,o Mean ofPMw 
(!'g/mJ) on the 3 

prior days 

Santa Clarac Coefficient of haze Concurrent day 

" Coefficients are from the IWFLS log-linear model, except those for Santa Clara. 
b Corrected for over-dispersion. 

c Coefficient is from linear regression. 

~ (x 1000)3 SE (~ x lOOO)a 
Corrected 
t Valueb 

0.50 0.16 2.8 

1.5 0.71 2.1 

1.6 1.4 1.0 

1.6 2.8 

1.0 0.4 2.5 

6.7 3.0 
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the risk of mortality and the two weather variables, namely, 
temperature and dew point. The distance above the base 
surface is an indicator of the effect of the weather variables 
on a dimensionless scale. The surface describes the relative 
effects of the two predictor variables. Plots for pollution 
variables should be similarly interpreted. Note that mortal
ity decreases from its highest value at the lowest tempera
tures to a minimum at around 70°F, and then increases 
again for the highest temperatures experienced in Philadel
phia during the period 1973 through 1980. At any tempera
ture, mortality increases with increasing dew point. Figure 8 
contrasts this surface with that predicted by the model for 
temperature and weather developed by Schwartz and Dock
ery. This figure shows a plot of the log-predicted relative 
rates of mortality from the two models. Note that the 
squared correlation between these two sets of "linear pre
dictors" is 0.88. 

.. ··~ 

Figure 7. Smooth surlace depicting relative effects of temperature [°F) and 
dew point [°F) on total mortality for Philadelphia, 1973-1980. Surface was 
estimated from a generalized additive model (Hastie and Tibshirani 1990) 
using a LOESS smoother with 7 equivalent degrees of freedom. 

30 

The Association of Mortality and Particulate Air Pollution 

The estimated effects for SOz and TSP are not very 
sensitive to the method used to adjust for dew point and 
temperature. We have controlled for weather using both the 
approach employed by Schwartz and Dockery and the 
nonparametric LOESS smooth surface, and have estimated 
regression coefficients for SOz and TSP under each adjust
ment method. The coefficients for SOz (x 1000) are 1.14 (t 
= 2.41) and 1.50 (t = 3.71) using the Schwartz and Dockery 
model and the LOESS, respectively; the coefficients forTSP 
(x 1000) are 0.47 (t = 2.14) and 0.47 (t = 2.08) respectively. 
The t values presented here for the Schwartz and Dockery 
model are slightly different from those in Tables 9 and 10 
because days with missing values have been omitted in 
these calculations to facilitate the comparison with LOESS 
models, where missing values cannot be handled in any 
other way. 
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Figure B. Scalterplot of log-predicted mortality from the Schwartz and 
Dockery model plotted against mortality values from a generalized additive 
model (Hastie and Tibshirani 1990) with a LOESS surlace for temperature 
and dew point. Mortality is calculated in dealths/day. 
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MODELING TSP AND SOz 

The analyses of Schwartz and Dockery include linear 
terms for TSP and SOz in the log-linear models for mortal
ity. Figure 9 shows the nonparametric surface, obtained 
using LOESS. that best predicts mortality. Figure 10 panel 
A displays relative mortality (on a logarithmic scale) for 
values of TSP and SOz as predicted by the Schwartz and 
Dockery model. Figure 10 panel B reproduces the LOESS 
fit in Figure 9, but with adjustment for the other time 
covariates as described in the analysis by Schwartz and 
Dockery. The contours in Panels A and B represent the 
fractional change in total mortality in relation to TSP and 
SOz values. The actual pollution observations are shown. 

Although the additive linear model used by Schwartz 
and Dockery predicts increasing mortality as one moves 
from the lower left to the upper right of panel A, the 
non parametric surface shows a greater dependence on S02 

at TSP values less than 100 11g/m3
. At higher levels ofTSP, 

there appears to be less dependence on SOz. The squared 
correlation between the linear predictors (log-relative mor
talities) from the two models is 0.76. 

To test whether the linear additive model is adequate. we 
fit a generalized additive model (Hastie and Tibshirani 
1990) using a LOESS surface like the one shown in Figure 
7 to control for weather while including year and day-of
the-week effects. To this model we added either the LOESS 
surface for SOz and TSP, or SOz and TSP as linear additive 
terms. The difference in deviance when allowing for the 
non parametric surface is 28.0 with 8.2 degrees of freedom 
and has an associated approximate p value of 0.01 (uncor
rected for overdispersion). Hence, the data do provide mod
erate evidence that a nonlinear, nonadditive surface better 
predicts mortality. 

Figure 11 shows nonparametric additive effects of TSP 
and SOz on mortality adjusting for weather and time vari
ables; panels A and B show total mortality, and panels C 
through F show mortality stratified by age. Note that the 
effect of TSP is small up to a value of approximately 100 
11glm3

, after which there appears to be a roughly linear 
increase. For SOz, there is a roughly linear increase in the 
log relative rate of mortality until about 40 parts per billion, 
after which there is little change. 

To study this nonlinear association of mortality and air 
quality variables further, we fit a Poisson regression model 
in which we assume no effect ofTSP at values less than 100 
j.tg/m3 and a linear dependence on higher TSP levels. We 
have allowed for a quadratic effect of S02 . The coefficient 
for TSP at values greater than 100 J.lglm 3 is 0.27 (after 
multiplying by 1,000, as in other tables) with a corrected t 
value of 2.8. The linear and quadratic coefficients for S02 

are 2.8 (corrected t = 3.3) and -0.03 (corrected t = -2.4), 

respectively. The difference in the deviance between the 
additive model fit by Schwartz and Dockery and this model 
that allows for a nonlinear dependence on TSP and SOz, 
not corrected for overdispersion, is 11.4 on one degree of 
freedom. Although these models are not nested and, hence, · 
a chi-squared approximation for the change in deviance is 
only a crude indicator, this is a substantial change in 
deviance and strongly supports the hypothesis that the 
effects of SOz and TSP are nonlinear, as did the LOESS fits 
described above. 

0 

Figure 9. Smooth surface depicting relative effects of S02 (ppb) and TSP 
(J.1g/m3

) levels on total mortality for Philadelphia, 1973-1980. Surface was 
estimated from a generalized additive model (Hastie and Tibshirani 1990) 
using a LOESS smoother with a band-width that includes 50% of the data, 
and 10.2 equivalent degrees of freedom. 
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Figure 11. Plots of estimated nonparametric ~ffects ofTSP (j.1g/m3
) and SOz (ppb) on log·relative rates oftotal and age-specific mortality for Philadelphia, 1973-1980. Curves were estimated using generalized additive models with 4 degrees of freedom per predictor. 
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MODELS FOR TSP AND S02 BY SEASON 

As noted previously, season was considered to be a 
plausible modifier of the effects of the pollution variables. 
To evaluate whether the relationship of mortality with TSP 
and SOz changes with season, using Generalized Additive 
Models and LOESS, we have estimated two-dimensional 
surfaces of relative mortality against TSP and S02, sepa
rately for each of the four seasons. Winter was defined as 
December, January, and February; spring as March, April, 
and May; summer as June, July, and August; and fall as 
September, October, and November. These are shown in 
Figure 12, panels A through D. Note that the shape of the 
surface changes with the season. In the winter and spring, 
mortality depends more heavily on SOz. In the summer and 
fall, the dependence on TSP is greater. 

Figures 13 through 16 contrast the Schwartz and Dockery 
and LOESS surface predictions of mortality. These displays 
are season-specific versions of Figure 10. In the spring and 
winter, the differences between the Schwartz and Dockery 
representations and the LOESS surfaces are most pro
nounced (compare Figure 13A with 13B, and Figure 16A 
with 16B). For example, in Figure 13 the LOESS surface 
indicates greater dependence on SOz in spring. The squares 
of the correlation coefficients between the log-predicted 
values from the Schwartz and Dockery data and the LOESS 
fits are as follows: spring, 0.64; summer, 0.67; fall, 0.53; and 
winter, 0.25. 

To further examine how season modifies the effect of 
pollution, we fit the parametric log-linear model separately 

34 

The Association of Mortality and Particulate Air Pollution 

by season. Table 36 presents the regression coefficients for 
three separate models, which analyzed the average TSP 
alone, the average SOz alone, and average TSP and S02 

together. controlling for weather, year, linear time, and day 
of the week on a season-specific basis. Here average TSP or 
SOz is the average of the same day's and previous day's 
values. This model was fit using all of the data, and then 
separately for the data in the spring, summer, fall, and 
winter. The air pollution regression coefficients are re
ported in Table 36 for total mortality, Table 37 for older 
persons, Table 38 for younger persons, and in Tables 39, 40, 
and 41 for cause-specific mortality for cancer, cardiovascu
lar disease, and pneumonia, respectively. For total mortal
ity, the regression coefficients and tvalues for S02 are larger 
than those for TSP in the spring and winter, a result consis
tent with Figures 12 through 16. The TSP effects appear to 
be larger in the summer and fall. This pattern is also seen 
when the data are stratified by age. It is observed in the 
cardiovascular disease deaths, but not in those for cancer 
and pneumonia. 

To test the hypothesis that the SOz and TSP effects do 
not vary by season, we added indicator variables for season 
and their interactions with S02 and TSP in our log-linear 
model. Using a Poisson regression model but allowing for 
overdispersion, the test of no variation of pollution effect 
by season has a chi-squared value of 25.3 on six degrees of 
freedom, with an approximate p value of 0.0003. We ob
tained qualitatively the same result when the autocorrela
tion is accounted for using IWFLS (AR-2 or AR-5). 
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Figure 13. Contours depicting the fractional change in Philadelphia mortality in spring by levels ofTSP (!lg/m3
) and SOz (ppb). A: Contours predicted by an 

additive linear model. B: Contours predicted by LOESS with 10.2 equivalent degrees of freedom. The dots show the observed air quality values. 
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Figure 14. Contours depicting the fractional change in Philadelphia mortality in summer by levels ofTSP (f.1glm3
) and S02 (ppb). A: Contours predicted by 

an additive linear model. B: Contours predicted by LOESS with 10.2 equivalent degrees of freedom. The dots show the observed air quality values. 
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Figure 15. Contours depicting the fractional change in Philadelphia mortality in fall by levels ofTSP (J.1g/m3

) and SOz (ppb). A: Contours predicted by an 
additive linear model. B: Contours predicted by LOESS with 10.2 equivalent degrees of freedom. The dots show the observed air quality values. 
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Figure 16. Contours depicting the fractional change in Philadelphia mortality in winter by levels ofTSP (J.lg/rn3

) and S02 (ppb). A: Contours predicted by an 
additive linear model. B: Contours predicted by LOESS with 10.2 equivalent degrees of freedom. The dots show the observed air quality values. 

39 



The Association of Mortality and Particulate Air Pollution 

Table 36. Season-Specific Poisson Regressions of Philadelphia Total Mortality, 1973-1980. on TSP and SOz, Controlling 
for Season, Date, Year, and Weather 

6 (x 1000)a SE (~ x 1000)a 
Uncorrected Correct'bd 

Variable t Value t Value 

Spring 
TSP (j.lglm3

) alone 0.86 0.28 3.0 2.7 

SOz (ppb) alone 2.87 0.76 3.8 3.3 
TSP and SOz together 

TSP 0.44 0.33 1.4 1.2 
SOz 2.3 0.87 2.6 2.3 

Summer 
TSP (1Jg/m3

) alone 0.94 0.32 3.0 2.5 

SOz (ppb) alone 0.82 0.65 1.3 1.1 
TSP and S02 together 

TSP 0.93 0.34 2.7 2.3 
so2 0.06 0.71 0.08 0.07 

Fall 
TSP (j.lg/m3

) alone 0.56 0.27 2.1 1.8 
SO, (ppb) alone 0.86 0.60 1.4 1.2 
TSP and SOz together 

TSP 0.54 0.36 1.5 1.3 
SOz 0.05 0.81 0.06 0.05 

Winter 
TSP (j.lg/m3

) alone 0.24 0.24 1.0 0.7 

SOz (ppb) alone 1.3 0.45 2.8 2.0 
TSP and SOz together 

TSP -o.39 0.33 -1.2 -o.87 
SOz 1.8 0.61 2.9 2.1 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SOz. 

b Corrected for constant over-dispersion. 
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Table 37. Season-Specific Poisson Regressions of Philadelphia Mortality (for Ages;:: 65 Years), 1973-1980, on TSP and 
SOz. Controlling for Season, Date, Year, and Weather 

6 (x 1000)a SE (6 X 1000)a 
Uncorrected Corrected 

Variable t Value t Valueb 

Spring 
TSP (J.lg/m3

) alone 1.14 0.35 3.3 3.1 
SOz (ppb) alone 3.8 0.94 4.1 3.9 
TSP and SOz together 

TSP 0.59 0.40 1.5 VI 
SOz 3.1 1.1 2.8 2.7 

Summer 
TSP (J.lg/m3

) alone 1.1 0.39 2.9 2.6 
SOz (ppb) alone 1.2 0.81 1.5 1.3 
TSP and SOz together 

TSP 1.1 0.43 2.5 2.3 
SOz 0.32 0.89 0.36 0.33 

Fall 
TSP (J.lg/m3

) alone 0.70 0.33 2.1 2.0 
SOz (ppb) alone 1.1 0.75 1.5 1.4 
TSP and SOz together 

TSP 0.66 0.45 1.4 1.3 
SOz 0.16 1.0 0.16 0.15 

Winter 
TSP (J.lg/m3

) alone 0.46 0.30 1.6 1.3 
SOz (ppb) alone 1.3 0.56 2.3 1.9 
TSP and SOz together 

TSP 0.01 0.40 0.03 0.02 
SOz 1.3 0.76 1.7 1.4 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SOz . 

b Corrected for constant over-dispersion. 
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Table 38. Season-Specific Poisson Regressions of Philadelphia Mortality (for Ages< 65 Years), 1973-1980, on TSP and 

S02, Controlling for Season, Date, Year, and Weather 

~ (x lOOO)a SE (~ x lOOO)a 
Uncorrected ~o~~~~bd Variable t Value 

Spring 
TSP (~g/m3 ) alone 0.31 0.46 0.66 0.63 
S02 (ppb) alone 1.1 1.3 0.83 0.79 
TSP and SO, together 

TSP 0.16 0.55 0.29 0.27 
so, 0.87 1.5 0.59 0.56 

Summer 
TSP [~g/m3 ) alone 0.61 0.53 1.1 1.1 
SO., {ppb) alone 0.19 1.1 0.18 0.18 
TSP and SO, together 

TSP 0.68 0.58 1.2 1.2 
so, -o.36 1.2 -o.31 -D.31 

Fall 
TSP [~g/m3 ) alone 0.28 0.45 0.62 0.61 
so, (ppb) alone 0.35 1.0 0.35 0.35 
TSP and SO, together 

TSP 0.32 0.61 0.52 0.51 
so, -o.12 1.4 -o.09 -o.09 

Winter 
TSP (~g/m3 ) alone -o.04 0.41 -o.ll -D.10 
SOz (ppb) alone 1.4 0.77 1.8 1.7 
TSP and SOz together 

TSP -1.0 0.56 -1.8 -1.7 
so, 2.7 1.0 2.6 2.4 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02 • 

b Corrected for constant over-dispersion. 
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Table 39. Season-Specific Poisson Regressions of Philadelphia Cancer Mortality, 1973"-1980, on TSP and S02, 
Controlling for Season, Date, Year, and Weather 

6 (x 1000)a SE (8 X lOOO)a 
Uncorrected Correctttd Variable t Value t Value 

Spring 
TSP (1Jglm3

) alone 0.05 0.61 0.07 0.07 SOz (ppb) alone -1.0 1.6 -{).62 -{).59 TSP and SOz together 
TSP 0.31 0.70 0.44 0.42 sen -1.4 1.9 -{).76 -{).72 

Summer 
TSP (pg/m3

) alone 0.72 0.67 1.1 1.1 
SOz (ppb) alone 2.8 1.4 2.0 2.0 TSP and S02 together 

TSP 0.21 0.73 0.28 0.28 SOz 2.6 1.5 1.7 1.7 

Fall 
TSP (1Jglm3

) alone 0.13 0.60 0.23 0.22 
SOz (ppb) alone -{).27 1.3 -{).21 -o.20 TSP and SOz together 

TSP 0.39 0.78 0.50 0.48 sen -{).86 1.8 -{).49 -{).46 

Winter 
TSP (pg/m3

) alone -{).24 0.54 -{).45 -{).47 
SOz (ppb) alone 1.2 1.0 1.2 1.2 TSP and SOz together 

TSP -1.3 0.72 -1.7 -1.7 SOz 2.9 1.4 2.1 2.1 

'~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unil change in TSP or S02• 

b Corrected for constant over-dispersion. 
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Table 40. Season-Specific Poisson Regressions of Philadelphia Cardiovascular Disease Mortality, 1973-1980, on TSP 

and S02, Controlling for Season, Date, Year, and Weather 

~ (x 1000)a SE (~X 1000)a 
Uncorrected Correct\d 

Variable t Value t Value 

Spring 
TSP (J.Ig/m3

) alone 1.4 0.41 3.3 3.2 

SOz (ppb) alone 4.5 1.1 4.0 3.5 

TSP and SOz together 
TSP 0.72 0.48 1.5 1.5 

SOz 3.5 1.3 2.8 2.7 

Summer 
TSP (J.Ig/m3

) alone 1.0 0.47 2.1 2.0 

SOz (ppb) alone 0.46 0.95 0.48 0.45 

TSP and SOz together 
TSP 1.1 0.51 2.1 2.0 

SOz -0.40 1.0 -0.39 -0.36 

Fall 
TSP (J.Ig/m3

) alone 0.43 0.40 1.1 1.0 

SOz (ppb) alone 0.88 0.88 1.0 0.95 

TSP and SOz together 
TSP 0.29 0.54 0.54 0.52 

SOz 0.45 1.2 0.38 0.36 

Winter 
TSP (J.Iglm3

) alone 0.61 0.35 1.7 1.6 

SOz (ppb) alone 1.4 0.65 2.2 2.0 

TSP and SOz together 
TSP 0.19 0.47 0.40 0.38 

SOz 1.2 0.89 1.3 1.2 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SOz. 

b Corrected for constant over-dispersion. 
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Table 41. Season-Specific Poisson Regressions of Philadelphia Pneumonia Mortality, 1973-1980, on TSP and S02, 
Controlling for Season, Date, Year, and Weather 

~ (x lOOO)a SE (~ x lOOO)a 
Uncorrected Correct\d 

Variable t Value t Value 

Spring 
TSP ()lg/m3

) alone 0.04 1.7 0.03 0.02 
SOz (ppb) alone -4.0 4.4 -{).91 -{).84 
TSP and SOz together 

TSP 0.99 1.9 0.52 0.48 
SOz -5.3 5.0 -1.0 -{).95 

Summer 
TSP ()lg/m3

) alone 1.6 1.9 0.84 0.78 
SOz (ppb) alone -3.0 4.1 -{),73 -{).67 
TSP and ~ together 

TSP 2.6 2.1 1.3 1.1 
SOz -5.3 4.6 -1.2 -1.1 

Fall 
TSP ()lg/m3

) alone 0.34 1.6 0.22 0.20 
SOz (ppb) alone 3.9 3.4 1.2 1.1 
TSP and SOz together 

TSP -1.7 2.1 -{).78 -{).71 
SOz 6.5 4.7 1.4 1.2 

Winter 
TSP ()lglm3

) alone 2.4 1.3 1.9 1.6 
SOz (ppb) alone 2.3 2.4 0.97 0.82 
TSP and SOz together 

TSP 2.9 1.7 1.7 1.4 
SOz -1.4 3.2 -{).43 -{).36 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SOz. 

b Corrected for constant over-dispersion. 
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LAG STRUCTURE 

In these investigations, we have most often relied on the 
average pollutant values from the concurrent day and pre
ceding day as specified by the Original Investigators. To 
rule out the possibility that some different lag structure was 
strongly suggested by the data. we fit a Poisson regression 
to the data for daily total Philadelphia mortality. The regres
sion simultaneously included 8 measures each for TSP and 
S02: 1 for the concurrent day and 1 for each of the 7 prior 
days (a total of 16 measures). The coefficients and SEs for 
this regression are reported in Table 42, most of which are 
not statistically significant. The corrected t values in that 
table are adjusted for constant overdispersion. Table 43 
presents analogous results, but for a regression in which 
each of the eight concurrent-day pairs of TSP and S02 are 
fit separately. 

The Association of Mortality and Particulate Air Pollution 

As shown in Tables 42 and 43, the regression coefficients 

for TSP are largest for the concurrent day and decrease with 

increasing lag time. For S02. the largest coefficient is at a 
one-day lag, although the magnitude of coefficients in

creases at the six-day lag. 

A priori, we anticipated that lag structure would vary by 

cause of death. Tables 44 through 49 present analyses of the 

lag structure for cardiovascular deaths (Tables 44 and 45). 

pneumonia and emphysema deaths (Tables 46 and 47), and 

cancer deaths (Tables 48 and 49). For cardiovascular deaths 

the TSP level on the prior day (one-day lag) has the greatest 

effect; and the S02 level on the fifth previous day (five-day 

lag) has the largest effect. A similar pattern is evident for 

deaths from pneumonia and emphysema (Tables 46 and 

47). Effects were not identified for cancer deaths. 

Table 42. Poisson Regressions of Philadelphia Total Mortality, 1973-1980, on Concurrent Day Values and Values for 
Lagged Days One Through Seven for TSP and S02 Entered Simultaneouslya. Controlling for Season, Date, Year, and 
Weather 

~ (x 1000)b SE (~ X 1000)b 
Uncorrected 

Variable t Value 

TSP {l!glm3
) 

Concurrent day 0.25 0.13 1.9 
One-day lag 0.21 0.14 1.5 
Two-day lag 0.17 0.14 1.2 
Three-day lag 0.17 0.14 1.2 
Four-day lag -0.15 0.14 -1.0 
Five-day lag 0.05 0.14 0.34 
Six-day lag -0.05 0.14 -0.37 
Seven-day lag -0.29 0.13 -2.1 

SOz (ppb) 
Concurrent day 0.22 0.29 0.76 
One-day lag 0.66 0.30 2.2 
Two-day lag 0.07 0.30 0.22 
Three-day lag -0.38 0.30 1.3 
Four-day lag 0.42 0.30 1.4 
Five-day lag 0.09 0.30 0.32 
Six-day lag 0.54 0.30 1.8 
Seven-day lag 0.01 0.29 0.05 

a All16 pollution variables were included simultaneously in the model. 

b ~ {x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SOz. 

c Corrected for constant over-dispersion. 
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Corrected 
t Valuec 

1.7 
1.3 
1.0 
1.1 

-0.91 
0.30 

-0.33 
-1.9 

0.68 
2.0 
0.19 

-1.1 
1.2 
0.28 
1.6 
0.04 
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Table 43. Poisson Regressions of Philadelphia Total Mortality, 1973-1980, on TSP and S02 Entered as Pairs with Identical Lag Time, Controlling for Season, Date, Year, and Weather 

~ (x 1000)a SE (~X 1000)a 
Uncorrected Variable t Value 

TSP (1Jg/m3
) 

Concurrent day 0.39 0.13 3.1 One-day lag 0.35 0.13 2.8 Two-day lag 0.27 0.13 2.1 Three-day lag 0.17 0.12 1.3 Four-day lag -o.12 0.12 -1.0 Five-day lag -o.o5 0.12 -D.43 Six-day lag -o.20 0.12 -1.6 Seven-day lag -o.35 0.12 -2.9 

SOo ippb) 
Concurrent day 0.59 0.27 2.1 One-day lag 0.93 0.27 3.5 Two-day lag 0.53 0.27 2.0 Three-day lag 0.12 0.27 0.44 Four-day lag 0.69 0.27 2.6 Five-day lag 0.67 0.27 2.5 Six-day lag 0.90 0.27 3.4 Seven-day lag 0.52 0.27 1.9 

• 6 (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02• 

b Corrected for constant over-dispersion. 

Correct~d 
t Value 

2.7 
2.5 
1.9 
1.1 

-o.B9 
-o.38 
-1.4 
-2.5 

1.9 
3.1 
1.7 
0.39 
2.3 
2.2 
3.0 
1.7 

Table 44. Poisson Regressions of Philadephia Cardiovascular Disease Mortality, 1973-1980, on Concurrent Day and Values for Lagged Days One Through Seven for TSP and S02 Entered Simultaneouslya. Controlling for Season, Date, Year, and Weather 

~ (x 1000)b SE (~ x 1000)b 
Uncorrected 

Variable t Value 

TSP {1Jg/m3
) 

Concurrent day 0.32 0.20 1.6 One-day lag 0.36 0.20 1.7 Two-day lag 0.22 0.21 1.1 Three-day lag 0.45 0.20 2.2 Four-day lag -D.28 0.21 -1.4 Five-day lag -o.04 0.20 -o.18 Six-day lag 0.12 0.20 0.61 Seven-day lag -o.32 0.19 -1.7 

so, (ppb) 
Concurrent day 0.22 0.43 0.53 One-day lag 0.62 0.43 1.4 Two-day lag 0.24 0.44 0.56 Three-day lag -o.83 0.44 -1.9 Four-day lag 0.22 0.44 0.51 Five-day lay 0.33 0.44 0.75 Six-day lag 0.46 0.44 1.1 Seven-day lag -o.09 0.42 -o.21 

• All 16 pollution variables were included simultaneously in the model. 
b ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02• 

c Corrected for constant over-dispersion. 

Corrected 
t Valuec 

1.5 
1.6 
1.0 
2.1 

-1.3 
-o.17 

0.56 
-1.5 

0.50 
1.3 
0.53 

-1.8 
0.48 
0.71 
1.0 

-o.2o 
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Table 45. Poisson Regressions of Philadelphia Cardiovascular Disease Mortality, 1973-1980, on TSP and SOz Entered 

As Pairs with Identical Lag Time. Controlling for Season. Date, Year. and Weather 

~ (x 1000)a SE (~X 1000)a 
Uncorrected 

Variable t Value 

TSP (11g/m3
) 

Concurrent day 0.53 0.19 2.9 

One-day lag 0.56 0.18 3.0 

Two-day lag 0.43 0.19 2.3 

Three-day lag 0.40 0.18 2.2 

Four-day lag -0.17 0.18 -0.95 

Five-day lag --Q.10 0.18 --o.53 

Six-day lag --o.o7 0.18 -0.37 

Seven-day lag -0.03 0.18 -1.8 

SOz(ppb) 
Concurrent day 0.56 0.40 1.4 

One-day lag 0.90 0.39 2.3 

Two-day lag 0.61 0.39 1.6 

Three-day lag -0.26 0.39 -0.66 

Four-day lag 0.52 0.39 1.3 

Five-day lag 0.79 0.39 2.0 

Six-day lag 0.86 0.39 2.2 

Seven-day lag 0.45 0.39 1.1 

a~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SO,. 

b Corrected for constant over-dispersion. 

Corrected 
t Valueb 

2.7 
2.8 
2.1 
2.0 

-0.89 
--o.5o 
--o.35 
-1.70 

1.3 
2.2 
1.5 

-0.62 
1.2 
1.9 
2.1 
1.0 

Table 46. Poisson Regression of Philadelphia Pneumonia and Emphysema Mortality, 1973-1980, on Concurrent Day 

Values and Values for Lagged Days One Through Seven for TSP and S02 Entered Simultaneouslya, Controlling for 

Season, Date, Year, and Weather 

~ (x 1000)b SE (~X 1000)b 
Uncorrected 

Variable t Value 

TSP [11g/m3
) 

Concurrent day 0.15 0.72 0.22 

One-day lag 1.6 0.74 2.1 

Two-day lag 0.12 0.75 0.16 

Three-day lag --o.34 0.75 --o.45 

Four-day lag 0.24 0.74 0.33 

Five-day Jag 1.4 0.74 2.0 

Six-day lag 0.06 0.74 0.08 

Seven-day lag 0.05 0.70 0.07 

so, (ppb) 
Concurrent day 0.87 1.5 0.58 

One-day lag --o.59 1.6 -0.37 

Two-day lag 0.51 1.6 0.32 

Three-day lag 0.40 1.6 0.26 

Four-day lag 0.39 1.6 0.25 

Five-day lag -4.8 1.7 -2.9 

Six-day lag 1.7 1.6 1.1 

Seven-day lag 0.27 1.5 0.18 

• All 16 pollution variables were included simultaneously in the model. 

b 6 (x 1000) is interpreted as approximately the percentage of change in mortality per 10-uni! change in TSP or SOz, 

c Corrected for constant over-dispersion. 
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Corrected 
t Valuec 

0.19 
1.9 
0.14 

--D.40 
0.29 
1.7 
0.07 
0.06 

0.52 
--o.33 

0.28 
0.23 
0.22 

-2.6 
0.98 
0.16 
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Table 47. Poisson Regressions of Philadelphia Pneumonia and Emphysema Mortality, 1973-1980, on TSP and S02 
Entered As Pairs with Identical Lag Time, Controlling for Season, Date, Year, and Weather 

~ (x 1000)a SE (~ x 1000)a 
Uncorrected 

Variable t Value 

TSP (!!g/m3
) 

Concurrent day) 0.87 0.67 1.3 
One-day lag 1.76 0.67 2.6 
Two-day lag 0.56 0.68 0.83 
Three-day lag 0.00 0.67 -o.005 
Four-day lag 0.46 0.66 0.70 
Five-day lag 1.6 0.65 2.4 
Six-day lag 0.58 0.65 0.89 
Seven-day lag 0.31 0.65 0.48 

so2 (ppbJ 
Concurrent day 0.52 1.4 0.36 
One-day lag -o.27 1.4 -o.19 
Two-day lag 0.88 1.4 0.62 
Three-day lag -o.69 1.4 0.48 
Four-day lag 0.47 1.4 -o.33 
Five-day lag -3.5 1.5 -2.4 
Six-day lag 0.84 1.4 0.60 
Seven-day lag 0.91 1.4 0.65 

• ~ [x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 
b Corrected for constant over-dispersion. 

Correctttd 
t Value 

1.1 
2.3 
0.74 

-o.004 
0.62 
2.1 
0.79 
0.43 

0.32 
-o.17 

0.55 
0.43 

-o.29 
2.1 
0.53 
0.58 

Table 48. Poisson Regressions of Philadelphia Cancer Mortality, 1973-1980, on Concurrent Day Values and Values for 
Lagged Days One Through Seven for TSP and S02 Entered Simultaneouslya, Controlling for Season, Date, Year, and 
Weather 

~ (x 1000)b SE (~X 1000)b 
Uncorrected 

Variable !Value 

TSP(IIglm3
) 

Concurrent day -o.10 0.29 0.33 
One-day lag -o.20 0.31 -o.66 
Two-day lag -o.06 0.31 -o.20 
Three-day lag -o.20 0.30 0.66 
Four-day lag -o.21 0.30 -o.69 
Five-day lag -o.30 0.30 -o.98 
Six-day lag 0.04 0.30 0.13 
Seven-day lag -o.29 0.29 -1.0 

so2 !ppbl 
Concurrent day -o.16 0.64 -o.25 
One-day lag 1.1 0.65 0.65 
Two-day lag 0.38 0.66 0.58 
Three-day lag -o.77 0.66 -1.2 
Four-day lag -1.3 0.65 2.1 
Five-day lag 0.14 0.66 -o.21 
Six-day lag 0.51 0.66 0.78 
Seven-day lag -o.30 0.64 -o.46 

• All16 pollution variables were included simultaneously in the model. 

b ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 
c Corrected for constant over-dispersion. 

Corrected 
t Valuec 

0.32 
-o.64 
-o.19 
0.64 

-o.67 
0.96 
0.12 

-o.99 

-o.24 
1.6 
0.56 

-1.1 
2.0 

-2.0 
0.76 

-o.45 
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Table 49. Poisson Regressions of Philadelphia Cancer Mortality, 1973-1980, on TSP and S02 Entered As Pairs with 
Identical Lag Times, Controlling for Season, Date, Year, and Weather 

~ (x lOOO)a SE (~X 1000)a 
Uncorrected Corrected 

Variable t Value t Valueb 

TSP lllg/m3
) 

Concurrent day 0.04 0.28 0.15 0.14 
One-day lag -0.19 0.28 -0.67 -0.65 
Two-day lag -0.13 0.27 -0.46 -0.45 
Three-day lag -0.07 0.27 0.27 0.26 
Four-day lag -0.36 0.27 -1.3 -1.3 
Five-day lag -0.40 0.27 -1.5 -1.4 
Six-day lag -0.29 0.27 -1.1 -1.0 
Seven-day lag -0.41 0.27 -1.6 -1.5 

SOz (ppb) 
Concurrent day 0.36 0.60 0.60 0.58 
One-day lag 1.2 0.58 2.1 2.0 
Two-day lag 0.72 0.59 1.2 1.2 
Three-day lag -0.02 0.59 -0.04 -0.04 
Four-day lag 0.3 0.58 2.2 2.1 
Five-day lag 0.60 0.59 1.0 1.0 
Six-day lag 0.63 0.58 1.1 1.0 
Seven-day lag -0.16 0.59 0.27 0.26 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02• 

b Corrected for constant over-dispersion. 

MODELING CORRELATION 

To assess the effects of different assumptions about the 

correlation among mortality on neighboring days, we have 

estimated regression coefficients using the IWFLS method, 

assuming autoregressions of order 0 (no correlation), 2, and 

5. Table 50 presents the results of several log-linear regres

sions under each of these three assumptions. 

The results in Table 50 were obtained by modeling the 

two-day averages (prior and concurrent days) of TSP and 

S02 simultaneously. All models controlled for time trend, 

the prior day's 24-hour mean temperature, the concurrent 
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day's 24-hour mean dew point, winter temperature, year, 

and day of the week. The models considered no autocorre

lation (AR-0) and autoregressive structures of orders 2 (AR-

2) and 5 (AR-5). Separate models were fit for total mortality, 

and by age group and cause of death. 

The table demonstrates that the estimated regression 

coefficients are insensitive to whether a 2nd- or 5th-order 

autoregressive process is assumed~ However, standard er

rors under the incorrect assumption of no correlation (order 

0) tended to be smaller by 10% to 30%. 
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Table 50. Philadelphia, 1973-1980, TSP and S02 
Regression Coefficients and Standard Errors for Different 
Assumed Correlations 

Model 

Variable AR-0 AR-2 AR-5 

SOzModel 
Total SOz 1.1 1.1 1.2 

(0.34)' (0.46) (0.46) 
Age< 65 yr 1.1 1.3 1.4 

(0.56) (0.65) (0.66) 
Age 2:65 yr 1.1 0.98 1.2 

(0.42) (0.56) (0.57) 
Cancer 0.16 1.2 1.1 

(0.73) (0.80) (0.81) 
Cardiovascular disease 1.2 0.97 1.2 

(0.49) (0.60) (0.60) 
Pneumonia 0.09 1.6 2.2 

(1.9) (2.2) (2.3) 
TSPModel 
Total TSP 0.50 0.46 0.41 

(0.16) (0.21) (0.21) 
Age< 65 yr 0.12 -o.o6 -o.os 

(0.27) (0.31) (0.31) 
Age~65 0.70 0.77 0.70 

(0.20) (0.26) (0.26) 
Cancer -0.11 -o.25 -o.16 

(0.34) (0.38) (0.38) 
Cardiovascular disease 0.67 0.66 0.57 

(0.23) (0.28) (0.28) 
Pneumonia 2.0 1.3 1.0 

(0.91) (1.1) (1.1) 

• Values from the Schwartz and Doclcery analysis (1992a) are given in parentheses. 

DESCRIPTIVE DISPLAYS 

In any complex modeling, it is desirable to develop 
graphical or tabular displays of the data that highlight those 
parts of the data set most relevant to the questions of scien
tific interest. Here, we attempted to determine whether or 
not mortality rates are associated with levels ofTSP and S02. 
For the two periods of 1973 through 1980 (Schwartz and 
Dockery data) and 1981 through 1988 (Moolgavkar data), 
Figures 17 and 18 show box plots of the air pollution 
variables stratified by quantiles of mortality predicted by 
weather modeling. To control for variations in mortality 
due to weather, we fit the initial weather model and ob
tained the predicted mortality from that model for each day. 
We stratified the observation days according to the weather 
model predictions for mortality into ten deciles (indicated 
1 through 10). Within each decile, we identified the 20% of 
days with the highest mortality and the 20% of days with 
the lowest mortality. The box plots display the associated 
air pollution values on those 20% highest and 20% lowest 
mortality days, stratified by mortality predicted by the 
weather models. If air pollution is associated with mortal
ity, we would expect higher air pollution levels on those 
days with higher mortality. 

Examining the TSP plot for the period 1973 through 1980 
(Figure 17), we see that in almost every decile, the average 
TSP levels are higher on the days with high mortality 
compared to days with low mortality. The only exception 
is in the sixth decile. For S02 during this period, the average 
SOz levels are higher during the higher mortality days for 
every decile. For the period 1981 through 1988 (Figure 18), 
the pattern is weaker. In only six of the ten deciles for both 
TSP and S02 do we see increased average air pollution 
values on the higher mortality days. 
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Figure 17. Box plots ofTSP (j.!g/m3
) and SOz (ppb) by deciles of predicted mortality based on the weather model. Within each decile of predicted mortality. 

we show the distributions of pollutant concentrations for the days in the loWest quintile of observed mortality (L) and in the highest quintile of observed 

mortality (H). Data are for 1973-1980. as provided by Schwartz and Dockery. 
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Figure 18. Box plots ofTSP (!lg/m3
) and S02 (ppb) by deciles of predicted mortality based on the weather model. Within each decile of predicted mortality, we show the distributions of pollutant concentrations for the days in the lowest quintile of observed mortality (L) and in the highest quintile of observed mortality (H). Data are for 1981-1988, as provided by Moolga,vkar. 
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SYNTHESIS AND CONCLUSIONS 

OVERVIEW 

The analyses described in this report had the overall 

objectives of validating or refuting the findings of prior 

analyses on particulate air pollution and assessing the 

sensitivity of these findings to the modeling approaches 
and assumptions. The four specific aims included recon

structing the data base for Philadelphia, developing an 

overall analytic strategy, applying this strategy to selected 

data bases, and conducting a sensitivity analysis for one 

city. Additional analyses and methodologic explorations 

have been deferred to Phase II. 

As an initial step in this project, we developed and 

validated a new modeling approach. IWFLS. to minimize 

bias and to account for overdispersion and autocorrelation 

when present (see the Analytic Methods section and Ap

pendix A). Although autocorrelation was not a serious 

threat to the validity of conventional Poisson regression 

analysis of the data sets, we used this approach for the final 

analyses to make the best possible assessment of the 

strength of the evidence for the effect of the pollution 

variables. Differences between the findings with IWFLS 

and conventional Poisson regression were generally small. 

DATA BASE RECONSTRUCTION 

To validate the previously analyzed data bases, we recon

structed one data base from original sources, that for Phila
delphia for the years 1973 through 1980. The resulting data 

base was closely comparable to that provided by Schwartz 

and Dockery for total and cause-specific mortality (Figures 

3 and 4). Minor differences were evident in comparing the 

reconstructed data base to that provided by Moolgavkar 

(Figure 3). The reconstructed TSP and SOz data bases also 

were in generally good agreement with those of Schwartz 

and Dockery and ofMoolgavkar (Figures 5 and 6). We thus 

successfully duplicated the data sets used in the analysis 

reported by the Original Investigators. We also showed that 

differences between the data sets used by Schwartz and 

Dockery and by Moolgavkar did not lead to substantive 

differences when the two data sets were comparably ana

lyzed. 

REPLICATE ANALYSES 

Our analyses generally yielded findings comparable to 

those reported by the Original Investigators. We did not find 

any qualitative differences for any ofthe locales, comparing 

conventional Poisson regression with IWFLS as the model
ing approach, except perhaps for the standard errors. This 
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similarity suggests that the previous modeling findings 

were not compromised either by not directly addressing 

autocorrelation and overdispersion or by using models that 
may have been slightly different from IWFLS. 

For some locales, the analytic findings were virtually 
identical (St. Louis and Utah Valley). A difference in levels 

of statistical significance of the SOz variable was found for 

Philadelphia, comparing the New Analysis with that re

ported by the Original Investigators. For this data set, a 

principal difference between the new and original analyses 

was the strength of evidence for an SOz effect. In the original 

analysis, the coefficient for SOz was not statistically signifi

cant in the model that included both variables. In the New 

Analysis, with models based upon our independent reading 

of the original papers, the SOz coefficient remained statis
tically significant in the model that included TSP as well. 

These differences were subsequently determined to be due 
to our not including a regressor for the square of time, which 

had been included by the Original Investigators. When we 
added this variable, our results replicated those of Schwartz 

and Dockery almost exactly. Hence, the emphasis on the 

change in the estimated effects of TSP and SOz by the 

Original Investigators is sensitive to the specific modeling 

of long-term trends. In interpreting their analysis, Schwartz 

and Dockery (1992a) emphasized the loss of significance of 

the TSP coefficient, perhaps unduly, as well as the change 
in estimate, comparing the univariate and bivariate models. 

Both TSP and SOz had statistically significant effects in the 

data set provided by Moolgavkar for the years 1973 through 

1980. We suggest that the findings of these various multi
variate models are generally consistent for Philadelphia 

and interpret the minor changes in significance levels as 

simply reflecting the sensitivity of the analyses to underly

ing assumptions. 

SENSITIVITY ANALYSES 

The sensitivity analyses for the Philadelphia data used 

LOESS to smoothly model the effect of the weather vari

ables on total mortality rather than the combination of 

linear and indicator variables used in the original analysis. 

We found that the choice of approach to control for the 

weather variables had no substantive impact on the find

ings. 

We used the same approach in assessing the effects of 

TSP and SOz. The LOESS surface describing their joint 

effects (Figure 9) provided an improved fit relative to the 

linear additive model used by the Original Investigators. 

This finding implies a possible need for caution in inter

preting the coefficients from the linear additive model as 

indicating independent effects of the two pollutants. 



Jonathan M. Samet, Scott L. Zeger, and Kiros Berhane 

An alternate model considered was to allow the effects 
of each of the pollutants to be nonlinear while assuming, 
like the Original Investigators, that their joint effects are 
additive. In these analyses. we found TSP to have little 
effect on mortality until it reached 100 jlg/m3

. SOz had an 
increasing effect on mortality in its lower range, had fairly 
little effect in the middle and higher ranges. 

We interpret the New Analysis of the Philadelphia data 
as confirming an adverse effect of air pollution on mortality 
in this city during the years 1973 through 1988. However, 
the findings do not clearly indicate that the increased 
mortality associated with increasing indexes of air pollu
tion can be assigned to either TSP or SOz alone. We found 
effects of both variables in the additive model. 

We stratified these analyses by season because of differing 
time-activity patterns. exposure of the population across the 
seasons, and the seasonal variations in contributions from 
various sources to total pollution levels in Philadelphia. We 
found some evidence of heterogeneity in the linear additive 
models by season in analyses limited to 1973 through 1980. 
The effect ofTSP was greatest in the summer, and the effect 
ofSOz was dominant in the winter. When this analysis was 
extended to 1981 through 1988, the pattern of variation by 
season was more comparable for TSP than for SOz (Tables 
19 and 20). 

In the sensitivity analysis, we compared the original 
additive log-linear model used by Schwartz and Dockery to 
a number of larger models that allow for nonlinearity of the 
effects of the air pollutants, interactions among the pollut
ants, and interactions of the pollutants with season. Table 
51 compares four such models in terms of their residual 
deviance and the Akaike Information Criterion (AIC) (Hastie 
and Tibshirani 1 990). Model 2 is the original regression fit 
by Schwartz and Dockery. Models 3 and 4 extend that 
analysis by allowing the effects of TSP and SOz to be 
nonlinear. Model3, which is more parsimonious, improves 
upon Model 2 in the AIC. Models allows for an interaction 
between TSP and SOz and results in some additional im
provement in AIC. However. Model 6, which allows for an 
interaction with season, has the best value of AIC. 

Lag structures were explored for total mortality and for 
selected causes of death. We postulated that the lag period 

would vary for cardiovascular and respiratory diseases. 
This analysis suggested that TSP concentrations on the 
more recent days had the greatest effect. Our findings are 
consistent with the previous approaches for modeling lag 
time. 

LIMITATIONS 

These analyses need to be interpreted within the frame
work set by the limited objectives of Phase I ofthis project. 
General limitations found in the public-use data bases 
include the validity of cause-of-death information and the 
misclassification of personal exposures to pollutants using 
data from outdoor monitors. The data sets analyzed were 
selected from a larger array of data sets for other locations 
in the United States and elsewhere to include key data sets 
for which findings had already been published, urban and 
rural locations, and a range of weather conditions. Neither 
the original data sets nor those included in the New Analy
sis were selected systematically; thus, the data sets that we 
considered are not necessarily representative of the full 
array of published analyses. Interpretation of the analyses 
is further constrained by the limited sample sizes of some 
of the data bases and the lack of information on other key 
pollutants and meteorologic variables for several of the 
locales. The detailed analyses of the Philadelphia data 
indicate the need to assess more fully the pollutant interac
tions in the other data bases. These results also need to be 
interpreted within the context set by other information on 
the health effects of air pollution derived from studies of 
morbidity and toxicologic research. 

With the constraint posed by the selection of the data 
bases considered in this report, we interpret the findings as 
indicating that mortality from all causes and from cardio
vascular and respiratory diseases is positively associated 
with indexes of particulate air pollution. However, these 
analyses were not intended to determine if the association 
between measures of particulate matter air pollution and 
mortality should be considered causal. That determination 
would require a complete assessment of all relevant evidence, 
both observational and experimental, and assessment of this 
evidence against criteria for causality of association. 
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Table 51. Comparison of Nonnested Poisson Regressions for the Philadelphia Total Mortality Data, 1973-1980 

Change in Akaike 
Residual Model Degrees Deviance from Information 

Model a Deviance of Freedom Modell Criterion 

1 Weather 3284.2 20 0 3324.2 

2 Weather+ TSP + SOz 3234.1 22 50.1 3276.1 
per original analysis 

3 Weather+ TSP (> 100 !lgim 3
) 3222.6 23 61.6 3268.6 

+ SO, + (SOz]2 

4 Weather+ S,(TSP) + S2(S02)b 3214.2 28 70.0 3270.2 

5 Weather +LOESS (TSP and SOz) 3206.2 30.2 78.0 3266.6 

6 Weather+ [SOz or TSP x season) 3200.4 30 83.8 3260.4 

• The base weather model is described in Table 8. The non parametric predictors in Models 4 and 5 were fit using the generalized additive modeL 

b S1 and Sz are non parametric smoothing functions. 
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APPENDIX A. Statistical Methods 

INTRODUCfiON 

Modeling approaches for mortality and other counts in a 
time series must reflect key characteristics of the series. 
First, the expected counts are positive, suggesting a log-lin
ear regression. Second, the variance of a response increases 
with its mean. If the mortality counts follow a Poisson 
process (Feller 1968), the variance would equal the mean. 
However. there may be many unmeasured factors (e.g., 
influenza epidemics) that affect mortality, and hence, the 
variance of a mortality series may exceed its mean. that is, 
be "overdispersed" (McCullagh and Neider 1989). Finally, 
the mortality counts on neighboring days may be more 
similar to one another than counts on more distant days. As 
for overdispersion, this serial correlation likely reflects un
measured predictors. The resulting autocorrelation needs 
to be accounted for to draw valid inferences about the 
relationship between mortality and air pollution. 

To account for these inherent characteristics of mortality 
time-series counts, we have developed a log-linear regres
sion model for possibly overdispersed, autocorrelated mor
tality counts. This method involves three distinct and 
simultaneous regressions: 
1. A log-linear regression of the expected mortality count 

on the air quality measures and other explanatory 
variables. The results of this model are the principal 
scientific focus because they describe the effects of the 
air pollution variables on mortality. 

2. A gamma regression expressing the overdispersion as 
a function of time, the mean count, and their interac
tion. 

3. A linear regression to estimate an autoregressive filter 
that is used to take account of the autocorrelation. 

The approach here is patterned after that reported by 
Zeger (1988). Both use a time-series version of the general
ized estimating equation to account for the correlation in 
fitting the log-linear model of scientific interest. In the new 
model, however, we include both the overdispersion and 
autoregressive regressions to more effectively weight the 
data in the log-linear analysis. 

We model the marginal expected count and covariance 
matrix for the time series. An alternate strategy is to model 
the conditional mean, given an unobserved latent process 
for which a prior distribution is specified. This is a special 
case of the more general Bayesian model in which the 
regression coefficients are assumed to be a stochastic process. 
Kalman filtering methods have been implemented for this case 
by Fahrmeir (1992) and West and associates (1985). 

In the next section, A Simple Model for a Time Series of 
Counts, we summarize a latent variable model that focuses 
our thinking about estimation. We present our three-tiered 
regression methods in the section A Regression Model for 
a Time Series of Counts. In the last section, we summarize 
a small simulation study to illustrate the finite sample 
statistical properties of our method. 

A SIMPLE MODEL FOR A TIME SERIES OF COUNTS 

The following model (Zeger 1988) creates a time series 
of counts with both overdispersion and autocorrelation. It 
is intended only to guide our analytic approach. 

We assume a latent stationary time series, Et, with E(Etl = 1, 
Var(Et) = cr2, and Corr(Et,Et+ul = pe(u). Further, we assume 
that given Et, the mortality count Yt on day t is an inde
pendent Poisson variate with mean llf = exp(xt'j3) x Et, 
where x 1 is a px1 vector of predictor variables. Under these 
assumptions, the first two marginal moments for the ob
served mortality series Yt are 

llt = E(yt) = E [E(yt I Et)l = exp(xt'j3); 

Var(yt) = Var[E (yt I Et)J + E [Var(yt I Et)] 

= V ar(Jlt Et) + E(!!t Et) 

= llF cr2 + llt = llt (1 + cr2 llt); and 

Cov(yt, Yt+u) = E(!!t Et llt+u Et+u) 

= llt llt+u cr2pE(u). 

Hence. the correlation for the observed Yt and Yt+u has the 
nonstationary form 

py(u) = pE(u) . 

{( 1 )( 1 J~'l 1+-- 1+--- 2 

lltfJ2 
llt+ufS

2 

In this simple model, we note that the latent process 
causes both the overdispersion, which takes the negative
binomial form, and the autocorrelation. When c? = 0, nei
ther are present. We further note that even though Et is 
assumed to be stationary, the changing mean jlt induces a 
nonstationarity in the correlation matrix for the observed Yt 
series. Hence, under this model, the usual autoregressive
moving average correlation forms will not fully pertain. 
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A REGRESSION MODEL FOR A TIME SERIES OF 
COUNTS 

In this section, we propose a regression method that is 
reasonably efficient for data from the model in the previous 
section, but it is designed to be applied more widely. To 
establish further notation, let y= (y1, · · ·, Yn) be the daily 

mortality counts, Jl = (Jl1, · · · , Jln) = E(y). and let V = 
Var(y) be then x n covariance matrix of y. 

The scientific focus is on the regression parameters 13 in 
the marginal mean model Jlt = exp(x(l3). We must model 

the covariance matrix V to estimate ~ as efficiently as 

possible and to draw valid inferences about 13. 

Let X be ann x p matrix, with rows Xt being the vector of 
p explanatory variables used to predict Yt· Given V, we 
estimate 13 by solving the generalized estimating equation 
of Liang and Zeger (1986): 

U(l3) = ~ v-1 [y-Jl(13)l = o. 
(1) 

Note that Equation (1) has expectation 0 so long as E(y) = Jl. 
Hence, under regularity conditions,~. the solution of Equa

tion (1) will be a consistent estimator of 13. 

Equation (1) can be solved for ~ using an iteratively 
weighted least-squares algorithm: 

(2) 

where Z = DXj) + (y- Ill. D = diag(Jlrl. and the right-hand 
side is evaluated at wk). 
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the expected count, llt· Note that for the model in the 
previous section, q>(t,Jltl = 1 + G

2Jlt· In this example, q> is a 
linear function of llt alone with slope G 2

. 

To a first approximation. the squared Pearson residual. 
1\ 2 1\ 

rr2 = (yt- Jltl I Jlt. is proportional to a chi-squared variable 
with one degree of freedom. Hence, we estimate q>(t,Jltl by 
regressing rr2 on t, Jlt, and t x llt using a log link and gamma 
variance function. To allow for a wide class of smooth 
functions, q>, we use a generalized additive model (Hastie 
and Tibshirani 1990) with two degrees of freedom for each 
of the three variables: t, Jlt. and t x flt· 

A similar non parametric strategy could be used to model 
the correlations in V. But computational limitations in 
Equation (2) make a general correlation model undesirable. 
In the Philadelphia analyses, for example, we have used 
eight years of daily mortality data so that n = 2900. Inversion 
of an unpatterned 2900 x 2900 matrix in Equation (2) is not 
practical. Hence, we want to approximate Vby a matrix VA, 
the inverse of which is relatively easy to compute. To focus 
on correlations, we write the approximating matrix VA = 

y y 1\ 1\ 
A 2RAA 2

, with A= diag(Jlt q>t). 

By choosing RA to be the correlation rna trix of a qth-order 
autoregressive (AR-q) process, RA -1 is simple to apply in 
Equation (2). An AR-q process can be written Ut = a1Ut-1 + 

· · · + CXqUt-q + at, where at are independent innovations 
with mean 0 and variance such that Var(utl = 1. Then the 
inverse of RA = Var(u) can be decomposed as RA - 1 = L'L, 

where 

cL 0 0 (3) 

-aq -aq-1 1 0 0 

0 -aq -a2 -(1.1 1 
L -1 =C 

0 0 -aq -a2 -(1.1 1 

Given V, ~ is asymptotically Gaussian with mean 13 and with 
variance 

Of course, Vis unknown and must be estimated. We 
propose to use two additional regressions to estimate V: the 
first to estimate variances Vt = Var(ytl on the diagonal, and 
the second to approximate the correlations. Each of these 
regressions is considered below. 

We write the variances Vt = Jlrq>(t,Jlt) and assume that the 
overdispersion q>(t,Jlr) is a smooth function of time, t, and 
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p1 1 

The form of Lin Equation (3) indicates that Luis readily 
computed. The tth element for t > q is Ut- a1ut-1 ... 

aqUt-q. so that Lu is merely a "filtered" version of u. 
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This choice of RA makes the calculation of~ reasonably 
efficient because Equation (2) becomes 

where X* = LA-112(aJ.llaj3) and Z* = LA-112Z are weighted 
and then filtered versions of aJ..l!ap and Z, respectively. 
Zeger (1988) referred to this as an iteratively weighted and 
filtered least-squares (IWFLS) model. 

To estimate 0:1, · · · , o:q, we simply regress rt" = (yt -
II II II 1fo 
Jlt)l ( <ptJ!t) 2 on rt-1 *, · · · , rt-q* using ordinary linear regres-
sion. 

To summarize, our algorithm for estimating ~ has the 
following steps: 

1. Use the IWFLS in Equation (4) to obtain the updated 
~(k+1). 

2. 

3. 

liz II II 
Regress rt on J..lt, t, and J..lt x t using a gamma general-
ized additive model with log link function to obtain 
~~k+1). 

Calculate rt* = (yt- ~~k+l))/(~~k+1 ) ~~k+l)) and obtain up

dated autoregressive parameters by regressing rt" on 

Tt-1 ". · · · , Tt-q". 

4. Iterate 1 through 3 until convergence. 

We start the algorithm with the Poisson regression coef-
• 11(0) II II II 

fiCients 13 , <pt = 1, and a1 = · · · = o:q = 0. 

The simplification in computing that comes from ap
proximating Vby VA bears some penalty. First, if the actual 
correlation structure is highly nonstationary, ~A. the solu
tion of Equation (4) will be inefficient. Its asymptotic dis
tribution is Gaussian with mean 13 but variance 

(5) 

which is always greater than (x*'.x*)-\ the variance of~
Second, the "model-based" variance estimate (.x*'x*f1 will 
not be consistent. An "empirical" estimate, which is consis
tent even when R * RA, can be obtained by estimating 
Var(Z*) in Equation (5). To do so, note that Var(Z*) has (s,t) 
element that is approximately the. mean of nst = (rs" -

II * II * )( * 1\ * II ") . h * O:trs-1 · · · - O:qrs-q rt - O:JTt-1 · · · - O:qrt-q Wit rt = 

( 
1\ 1111\f. 

yr- Jlt) I(Jlt <pt) 2
• Hence, we use a Gaussian additive model 

to regress ~st on four predictors, I s-t I, (s+t)/2, ~5, and ~t. to 
estimate the elements ofVar(Z*). We impose the constraint 

1\ 
that Corr(ys,ytl = E Ust = 0 for I s-t I > m. 

In this report. we have used model-based rather than 
empirical variance estimators. 

SIMULATION STUDY 

To assess the performance of the IWFLS algorithm, we 
simulated a time series of counts according to the model 
described in the section, A Simple Model for a Time Series 
of Counts. For each time series, we estimated the regression 
coefficients using three methods: (1) IWFLS as described in 
the last section, (2) IWFLS restricting 0:1 = · · · = O:q = 0, 
which is equivalent to Poisson regression assuming inde
pendent observations with a generalized additive model for 
overdispersion: and (3) IWFLS restricting q>t ; 1 and 0:1 
= · · · = O:q = 0, which is equivalent to ordinary Poisson 
regression. 

The linear predictor has an intercept, a linear trend that 
takes values from -1.0 to 1.0, and a cosine wave that 
completes two cycles in the length of the series. Specifi
cally, we used log Jlt = 4.25 + 0.1 x trend- 0.1 x cosine. 
Under this model, the expected counts vary between 55 and 
85, similar to the series of counts for the Philadelphia data. 

We assume that the latent process £t follows a first-order 
autoregression with mean 1. variance 0.02. and first-lag 
correlation, P£. equal to 0.0, 0.4, or 0.8. Hence, the overdis
persion <pt = 1 + a2Jlt varies between 2.1 and 2.7, larger than 
that found for Philadelphia. The first-lag correlations in the 
observed daily deaths Yt induced by Et average 0.0, 0.2, or 
0.4, respectively. 

For each correlation value, we generated 100 series, each 
comprised of 100 counts, according to the model above, and 
estimated the three regression coefficients (intercept, trend, 
and cosine) using each of the three regression methods. The 
estimated bias of the regression coefficients is summarized 
in Table A.1; the coverage probability of nominal 95% 
confidence intervals is presented in Table A.2. 

The results in Table A.1 show that little or no bias is 
apparent for any ofthe three methods. None ofthe percent
age of bias entries are significantly different from 0.0. 

As seen in Table A.2, the three methods have very differ
ent coverage probabilities. When there is no correlation but 
there is overdispersion, both the IWFLS (Method 1) and the 
IWFLS constrained to assume no correlation (Method 2) 
have proper coverage. Ordinary Poisson regression 
(Method 3) does not because it fails to account for the 
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overdispersion. For moderate correlation (p = 0.4), as seen 

in the Philadelphia series, Method 1 has close to correct 

coverage, and Methods 2 and 3 have poorer coverage be

cause they fail to account for correlation. For high correla

tion, Method 1 has between 75% and 86% actual coverage 

and Methods 2 and 3 perform even more poorly than they 
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do for moderate correlation. The failure of Method 1 to 

achieve exact coverage is due to its assumption that the 

correlation is stationary and ofthe first-order autoregressive 

form when it is not. This undercoverage can be corrected 

for longer series by implementing the empirical variance 

estimate. 

Table A.l. Simulation Resultsa on Bias in the IWFLS Procedure 

Correlation (pe)c 

0.0 0.4 0.8 

Methodb Int Trend Cos Int Trend Cos Int Trend Cos 

-3 2 -5 -3 

2 -4 -1 -7 -3 

3 -3 -1 -5 -3 

'A time series of 100 counts was generated according to the model presented in the Appendix A section. A Simple Model for a Time Series of Counts, with 
J.lr = exp(4.25 + 0.1 trend (-1,1)- 0.1 cos(2 cycles in length of data)] and Et an AR-1 process with cl = 0.02 and p, = 0.0, 0.4. or 0.8. 

b Three methods were used to estimate regression coefficients: (1) IWFLS as described in the Appendix A section, A Regression Model for a Time Series of 
Counts; (2) IWFLS assuming no correlation (Poisson regression with generalized additive model for overdispersion); and (3) IWFLS assuming no 
overdispersion, and no correlation (ordinary Poisson regression). 

c Entries are percent bias. Values of O% bias are left blank. None of the entries were significantly different from 0.0. 

Table A.2. Simulation Results a on Actual Coverage of Nominal 95% Confidence Intervals Using Model-Based Standard 
Errors 

Correlation (pe)c 

0.0 0.4 0.8 

Methodb Int Trend Cos Int Trend Cos Int Trend Cos 

1 94 96 90 89 86 90 75 76 86 
2 94 96 91 80 80 86 58 62 78 
3 83 78 79 66 73 70 42 49 57 

' A time series of 100 counts was generated according to the model presented in the Appendix A section, A Simple Model for a Time Series of Counts, 
with J.lt = exp(4.25 + 0.1 trend (-1,1)- 0.1 cos(2 cycles in length of data)] and Er an AR-1 process with r1 = 0.02 and p, = 0.0. 0.4, or 0.8. 

b Three methods were used to estimate regression coefficients: (1) IWFLS as described in the Appendix A section. A Regression Model for a Time Series of 
Counts; (2) IWFLS assuming no correlation (Poisson regression with generalized additive model for overdispersion); and [3) IWFLS assuming no 
overdispersion, and no correlation (ordinary Poisson regression). 

c Entries are actual coverage rates. With 100 replications. entries have SE ± 2%. 
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APPENDIX B. Detailed Descriptive Data and 
Analyses by Geographic Locale 

This appendix supplements the Analyses of Selected 
Data Bases section of the main text by providing the full 
details of the models used to control for weather, season, 
day of the week, and calendar time. In addition, the results 
of the conventional Poisson regression models are pre
sented. For each geographic locale, we present the follow
ing: 

• A summary table describing the data for mortality and 
pollution; 

• Figures that describe the air pollution and mortality 
data; 

• Scatterplots that show the correlations among the pre
dictor and outcome variables; 

• Tables describing the models selected to control for 
weather, season, and time-trend variables, as applica
ble; 

• Tables that provide the findings of the Poisson regres-
sion models; and 

• Tables that provide the findings of the IWFLS model. 
Some tables duplicate those included in the main text so 
that a complete set of data is presented here. 

Table B.l. Summary Statistics for the Philadelphia Data Set, 1973-1980 

Variable Min 0.05 0.10 0.25 

Weather 
Temperature (°F) 4 25 30 41 
Dew point (°F) 1 9 15 28 

Air pollution 
TSP (!Jg/m3

) 22 37 43 56 
so, (ppb) 0 6 8 12 

(6)' (8) (12) 
Daily morta!itl 

Total 26 35 37 42 
Younger(< 65 yr) 3 10 11 14 
Older (2 65 yr) 13 21 23 26 

Daily cause-specific mortaiitl 
Cardiovascular disease 7 13 15 18 
Cancer 1 5 6 8 
Pneumonia 0 0 0 0 
Emphysema 0 0 0 0 
(COPD)' (0) (0) (0) 

' Values from the Schwartz and Dockery analysis (1992a) are given in 
parentheses. 

b These Philadelphia mortality counts include only those people who resided 
in Philadelphia at the time of death. 

'Schwartz and Dockery (1992a) evaluated data related to the more general 
classification of COPD. not specifically to emphysema. 

Quantile 

0.50 0.75 0.90 0.95 Max Mean 

56 71 77 80 89 54.8 
44 59 68 70 76 42.8 

73 94 116.5 132 338 77.2 
18 27 39 46 137 21 

(18) (27) (39) (46) (21) 

48 54 60 64 92 48.2 
17 20 23 25 36 16.9 
31 36 40 44 68 31.3 

22 26 30 32 48 22.1 
10 13 15 16 23 10.5 

1 2 3 4 9 1.4 
0 0 1 1 3 

(1) (1) (2) (3) (0.8) 

Table B.2. Mortality Events for Philadelphia, 1973-1980 

Variable 

Mortality 
Total 
Younger(< 65 yr) 
Older(?: 65 yr) 

Cause-specific mortality 
Cancer 
Cardiovascular disease 
Emphysema 
(COPD)' 
Pneumonia 

Frequency 

140.804 
49.298 
91.506 

30.671 
64,598 

641 

4,194 

Percentage 

35.0 
65.0 

21.8 
45.9 

0.46 
(1.9) 
3.0 

' Values from the Schwartz and Dockery analysis (1992a) are given in 
parentheses. They evaluated data related to the more general classification 
of COPD. not specifically to emphysema. 
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Figure B.l. Plot of unfiltered mortality, weather, and pollution data for Philadelphia, 1973-1980, by calendar time. 
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Figure B.l continued. 
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Figure B.2. Plot of filtered mortality, weather, and pollution data for Philadelphia, 1973-1980, by calendar time. Filtering refers to the process of removing 
long-term time trends from the data; the transformed data are then departures from the modeled averages. One consequence of filtering is that the scale of the 
filtered data is altered. In this figure. mortality counts or air pollution meausrements. which in their raw form can take only positive or zero values on a given 
day, can appear as negative values when plotted as departures from the modeled average. 
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Figure B.2 continued. 
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Figure B.3. Scatterplots of mortality, weather, and pollution data for Philadelphia, 1973-1980. 
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Table B.3. Poisson Regression of Philadelphia Total Mortality, 1973-1980, on Weather Variables 

~ (x 1000) SE (~X 1000) 
Uncorrected Corrected Variable t Value t Value a 

Intercept 3891.5 38.8 100.3 78.2 Hot day (<! 80°F) 143.0 15.2 9.4 7.3 Temperature prior day (°F) -3.9 0.48 8.1 6.3 Temperature (°F) -Q.58 0.76 -0.77 -Q.60 Dew point (°F) 1.9 0.47 4.0 3.1 Winter 23.4 24.2 0.97 0.75 Winter x temperature (°F) 1.3 0.60 2.2 1.7 

• Corrected for constant over-dispersion. 

Table B.4. Poisson Regressions of Philadelphia Total Mortality, 1973-1980, on TSP and S02, Controlling for Year, Date, 
Season, and Weather 

~ (x 1000)a SE (~X 1000)a 
Uncorrected 

Variable t Value 

TSP ijlg/m3
) alone 

Concurrent day 0.55 0.10 4.2 
Prior day 0.60 0.10 4.8 
Average 0.83 0.12 5.3 

(0.66)c (0.13) (5.1) 
S02 (ppb) alone 

Concurrent day 1.1 0.22 3.8 
Prior day 1.4 0.21 5.1 
Average 1.8 0.26 5.4 

(1.3) (0.29) (4.5) 
TSP and S02 together 

TSP average 0.50 0.16 2.5 
(0.50) (0.18) 

S02 average 1.1 0.34 2.6 
(0.57) (0.40) 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 
b Corrected for constant over-dispersion. 
c Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Corrected 
t Valueb 

5.3 
6.1 
6.7 

4.8 
6.5 
6.9 

3.1 

3.3 
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Table B.5. IWFLS Log-Linear Regressions of Philadelphia Total Mortality, 1973-1980, on TSP and S02, Controlling for 

Season, Date, Year, and Weather 

Variable 

TSP (J.Ig/m3
) alone 

SO, (ppb) alone 

TSP and SOz together 
TSP 

so, 

TSP 
so, 

TSP 
so, 

Model 

Log-linear' 

AR-2 
AR-5 

Log-linear' 

AR-2 
AR-5 

Log-linear' 

AR-2 

AR-5 

~ (x 1000)a SE (~X 1000)a 

0.83 0.12 
(0.67)d (0.13) 

0.78 0.16 
0.80 0.16 

1.8 0.26 
(1.3) (0.29) 

1.8 0.34 

1.8 0.34 

0.50 0.16 

(0.50) (0.18) 

1.21 0.34 
(0.57) (0.40) 

0.46 0.21 

1.1 0.46 

0.41 0.21 

1.2 0.46 

a 6 (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 

b Corrected for over-dispersion. 

' Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Correct\d 
t Value 

6.0 
(5.0) 
4.9 
5.1 

6.1 
(4.6) 
5.2 
5.5 

2.8 
(2.8) 
2.9 

(1.4) 
2.2 
2.4 

2.0 
2.7 

Table B.6. Poisson Regression of Philadelphia Mortality (for Ages~ 65 Years), 1973-1980, on Weather Variables 

~ (x 1000) SE (~ x 1000) 
Uncorrected Corrected 

Variable t Value t Valuea 

Intercept 3,473.2 48.0 72.4 57.5 

Hot day (~ 80°F) 157.6 18.9 8.4 6.7 

Temperature prior day (°F) -3.8 0.60 -6.4 -5.1 

Temperature (°F) -1.6 0.94 -1.7 -1.3 

Dew point (°F) 2.6 0.58 4.5 3.6 

Winter 17.4 29.9 0.58 0.46 

Winter x temperature (°F) 2.0 0.74 2.7 2.1 

a Corrected for constant over-dispersion. 
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Table B.7. Poisson Regressions of Philadelphia Mortality (for Ages :2: 65 Years), 1973-1980, on TSP and S02. Controlling 
for Season, Date, Year. and Weather 

Variable 

TSP (J.Jgim') alone 
Concurrent day 
Prior day 
Average 

S02 (ppb) alone 
Concurrent day 
Prior day 
Average 

TSP and S02 together 
TSP average 
SO, average 

6 (x 1000)a 

0.72 
0.73 
1.04 

(0.91)' 

1.4 
1.5 
2.1 

0.70 
1.1 

SE (6 x 1000)a 

0.13 
0.12 
0.15 

(0.16) 

0.28 
0.26 
0.32 

0.20 
0.42 

Uncorrected 
t Value 

5.7 
5.9 
6.8 

4.9 
5.7 
6.4 

3.6 
2.7 

• 6 (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02• 

b Corrected for constant over-dispersion. 

c Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Correctedb 
t Value 

4.5 
4.7 
5.5 

(5.7) 

3.9 
4.5 
5.1 

2.9 
2.2 

Table B.B. IWFLS Log-Linear Regressions of Philadelphia Mortality (for Ages :2: 65 Years), 1973-1980, on TSP and S02, 
Controlling for Season, Date, Year, and Weather 

Variable 

TSP (J.Jglm') alone 

SOz (ppb) alone 

TSP and SO, together 
TSP 
so, 

TSP 
so, 

Model 6 
Log-linear' 

AR-2 
AR-5 

Log-linear' 
AR-2 
AR-5 

Log-linear' 

AR-2 

AR-5 

(x 1000)a SE (6 x 1000)a 

1.04 0.15 
(0.91)0 

(0.16) 
1.04 0.19 
1.1 0.19 

2.1 0.32 
2.1 0.41 
2.2 0.41 

0.70 0.20 
1.1 0.42 

0.77 0.26 
0.99 0.56 

0.70 0.26 
1.2 0.57 

'6 (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SO, 
b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Correct'd 
t Value 

6.1 
(5.7) 
5.4 
5.5 

5.7 
5.0 
5.4 

3.2 
2.4 

2.7 
1.8 

2.7 
2.1 
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Table B.9. Poisson Regression of Philadelphia Mortality (for Ages< 65 years), 1973-1980. on Weather Variables 

~ (x 1000) SE (~X 1000) 
Uncorrected Corrected 

Variable t Value t Valuea 

Intercept 2.814.3 66.0 42.7 39.9 
Hot day (~ 80°F) 116.2 25.7 4.5 4.2 
Temperature prior day (°F) -4.0 0.82 -4.8 -4.5 
Temperature (°F) 1.3 1.3 0.99 0.92 

Dew point (°F) 0.61 0.79 0.77 0.72 
Winter 33.9 41.2 0.82 0.77 
Winter x temperature (°F) 0.03 1.0 0.03 0.03 

• Corrected for constant over-dispersion. 

Table B. tO. Poisson Regressions of Philadelphia Mortality (for Ages < 65 Years), 1973-1980, on TSP and S02, 

Controlling for Season, Date, Year, and Weather 

Variable 

TSP (~gim") alone 
Concurrent day 
Prior day 
Average 

so, (ppb) alone 
Concurrent day 
Prior day 
Average 

TSP and SO, together 
TSP average 
SO, average 

~ (x 1000)a 

0.22 
0.41 
0.45 

(0.27t 

0.57 
1.2 
1.3 

0.12 
1.1 

SE (~ x 1000)a 

0.18 
0.17 
0.21 

(0.21) 

0.38 
0.36 
0.44 

0.27 
0.56 

Uncorrected 
t Value 

1.3 
2.4 
2.2 

1.5 
3.3 
2.9 

0.46 
2.0 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SO,. 

b Corrected for constant over-dispersion. 

c Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 
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1.2 
2.2 
2.0 

(1.3) 

1.4 
3.1 
2.7 

0.43 
1.8 
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Table B.ll. IWFLS Log-Linear Regressions of Philadelphia Mortality (for Ages< 65 Years), 1973-1980, on TSP and SOz, 
Controlling for Season, Date, Year. and Weather 

Variable 

TSP [j.lg/m3
) alone 

so2 (ppb) alone 

TSP and S02 together 
TSP 
so2 

TSP 
so2 

TSP 
SOz 

Model 

Log-linear< 

AR-2 
AR-5 

Log-linearc 
AR-2 
AR-5 

Log-linearc 

AR-2 

AR-5 

~ (x 1000)a SE {~ x 1000)a 

0.45 0.21 
(0.27)d (0.21) 
0.35 0.23 
0.40 0.23 

1.3 0.44 
1.2 0.48 
1.2 0.48 

0.12 0.27 
1.1 0.56 

-0.06 0.31 
1.3 0.65 

-0.05 0.31 
1.4 0.66 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 
b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Table B.12. Poisson Regression of Philadelphia Cancer Mortality, 1973-1980, on Weather Variables 

~ {x 1000) SE {~x 1000) 
Uncorrected 

Variable tValue 

Intercept 2.331.7 63.9 27.8 
Hot day (2: 80°F) 53.8 32.7 1.6 
Temperature prior day (°F) -4.9 1.0 -4.7 
Temperature (°F) 4.1 1.6 2.5 
Dew point (°F) 0.46 1.0 0.46 
Winter 37.1 52.9 0.70 
Winter x temperature (°F) -0.03 1.3 -0.019 

• Corrected for constant over-dispersion. 

Correct\d 
t Value 

2.1 
(1.3) 
1.5 
1.7 

2.8 
2.6 
2.6 

0.44 
1.9 

-0.19 
2.0 

-0.16 
2.1 

Corrected 
tValuea 

26.5 
1.5 

-4.5 
2.4 
0.44 
0.67 

-0.018 
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Table B.13. Poisson Regressions of Philadelphia Cancer Mortality, 1973-1980, on TSP and S02, Controlling for Season, 

Date, Year, and Weather 

Variable ~ (x 1000)a 

TSP (j.!g/m3
) alone 

Concurrent day 0.14 
Prior day 0.17 
Average 0.24 

(0.36)c 

so" (ppb) alone 
Concurrent day 0.41 
Prior day 1.0 
Average 1.0 

(1.3) 

TSP and SO, together 
TSP average -0.11 
SOz average 1.2 

SE (~x 100W 

0.23 
0.22 
0.27 

(0.26) 

0.49 
0.46 
0.57 

(0.29) 

0.34 
0.73 

Uncorrected 
tValue 

0.62 
0.78 
0.88 

0.85 
2.1 
1.8 

-0.31 
1.6 

a~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SOz . 

b Corrected for constant over-dispersion. 

c Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Corrected 
t Valueb 

0.59 
0.74 
O.B4 

(1.4) 

0.81 
2.1 
1.7 

(4.6) 

-D.30 

1.5 

Table B.14. IWFLS Log-Linear Regressions of Philadelphia Cancer Mortality, 1973-1980, on TSP and S02. Controlling 

for Season, Date, and Weather 

Variable 

TSP (Jlg/m3
) alone 

SOz (ppb) alone 

TSP and SOz together 
TSP 
so, 

TSP 
so, 

TSP 
so, 

Model 

Log-linearc 

AR-2 
AR-5 

Log-linearc 
AR-2 
AR-5 

Log-linearc 

AR-2 

AR-5 

~ (x 1000? SE (~ x 1000)a 

0.24 0.27 
(0.36)d (0.26) 
0.15 0.28 
0.24 0.28 

1.01 0.57 
0.90 0.59 
0.93 0.59 

-D.11 0.34 
0.16 0]3 

-0.25 0.38 
1.2 0.80 

-0.16 0.38 
1.1 0.81 

a~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or SO,. 

b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 
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Corrected 
t Valueb 

0.86 
(1.4) 
0.55 
0.86 

1.7 
1.5 
1.6 

-0.30 
1.5 

-0.65 
1.5 

-D.42 
1.4 
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Table B.15. Poisson Regression of Philadelphia Cardiovascular Mortality, 1973-1980, on Weather Variables 

~ (x 1000) SE (~X 1000) 
Uncorrected Corrected 

Variable t Value t Valuea 

Intercept 3.177.1 57.0 55.7 49.4 
Hot day (~ 80°F) 131.7 22.9 5.7 5.1 
Temperature prior day (OF) -3.8 0.71 -5.3 -4.7 
Temperature (°F) -2.9 1.1 -2.6 -2.3 
Dew point [°F) 2.8 0.69 4.0 3.5 
Winter -38.1 35.5 ·1.1 -o.96 
Winter x temperature (°F) 2.6 0.87 3.2 2.8 

• Corrected for constant over-dispersion. 

Table B.16. Poisson Regressions of Philadelphia Cardiovascular Mortality, 1973-1980, on TSP and S02, Controlling for 
Season, Date, Year, and Weather 

Variable ~ (x 1000)a 

TSP [Jiglm3
) alone 

Concurrent day 0.66 
Prior day 0.82 
Average 1.03 

[0.92t 

SOz (ppb) alone 
Concurrent day 1.2 
Prior day 1.6 
Average 2.1 

TSP and SOz together 
TSP 0.67 
SOz 1.2 

SE (~ x 1000)a 

0.15 
0.15 
0.18 

[0.16) 

0.32 
0.31 
0.38 

0.23 
0.49 

Uncorrected 
t Value 

4.5 
5.6 
5.7 

3.8 
5.3 
5.5 

2.9 
2.5 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or 502• 

b Corrected for constant over-dispersion. 

c Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Corrected 
t Valueb 

4.0 
5.0 
5.1 

(5.0) 

3.3 
4.7 
4.9 

2.6 
2.2 
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Table B.17. IWFLS Log-Linear Regressions of Philadelphia Cardiovascular Mortality, 1973-1980, on TSP and S02, 

Controlling for Season, Date, Year. and Weather 

Variable 

TSP (!lgim3
) alone 

SOz (ppb) alone 

TSP and SOz togetber 
TSP 
so, 

TSP 
so, 

Model 

Log-linear' 

AR-2 
AR-5 

Log-linear' 
AR-2 
AR-5 

Log-linear' 

AR-2 

AR-5 

~ (x 1000)a SE (~X 1000)a 

1.0 0.18 
(0.92)d (0.18) 
0.92 0.21 
0.95 0.21 

2.1 0.38 
1.9 0.44 
2.1 0.44 

0.67 0.23 
1.2 0.49 

0.66 0.28 
0.98 0.60 

0.57 0.28 
1.2 0.60 

a ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02• 

b Corrected for over-dispersion. 

' Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Table B.18. Poisson Regression of Philadelphia Pneumonia Mortality, 1973-1980, on Weather Variables 

~ (x 1000) SE (~x 1000) 
Uncorrected 

Variable t Value 

Intercept 134.2 220.1 0.61 
Hot day (~ 80°F) 85.0 93.8 0.91 

Temperature prior day (°F) -5.2 2.8 -1.9 
Temperature (°F) 1.8 4.4 -0.40 

Dew point (°F) 4.4 2.7 1.6 
Winter 120.3 136.0 0.88 
Winter x temperature (°F) 6.1 3.2 1.9 

• Corrected for constant over-dispersion. 

76 

Corrected 
t Valueb 

5.4 
(5.0) 
4.4 
4.5 

5.2 
4.5 
4.8 

2.7 
2.3 

2.3 
1.6 

2.0 
2.1 

Corrected 
t Valuea 

0.49 
0.73 

-1.5 
-0.32 

1.3 
0.70 
1.5 
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Table B.19. Poisson Regressions of Philadelphia Pneumonia Mortality, 1973-1980, on TSP and S02, Controlling for 
Season. Date, Year, and Weather 

Variable ~ (x 1000)a 

TSP (1Jg/m3
) alone 

Concurrent day 1.0 
Prior day 1.8 
Average 2.0 

(1.02)" 

so2 (ppb) alone 
Concurrent day 1.5 
Prior day 2.3 
Average 2.7 

TSP and S02 together 
TSP 2.0 
so2 0.09 

SE (~X 1000)a 

0.59 
0.57 
0.70 

(0.70) 

1.3 
1.2 
1.5 

0.91 
1.9 

Uncorrected 
t Value 

1.7 
3.2 
2.9 

1.2 
2.0 
1.9 

2.2 
0.05 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 
b Corrected for constant over-dispersion. 

c Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Corrected 
t Valueb 

1.4 
2.5 
2.3 

(1.5) 

0.99 
1.6 
1.5 

1.8 
0.04 

Table B.zo. IWFLS Log-Linear Regressions of Philadelphia Pneumonia Mortality. 1973-1980, on TSP and S02, 
Controlling for Season, Date, Year, and Weather 

Variable 

TSP ()lg/m3
) alone 

so2 (ppb) alone 

TSP and S02 together 
TSP 
S02 

TSP 
so, 

TSP 
SOz 

Model 

Log-linearc 

AR-2 
AR-5 

Log-linearc 
AR-2 
AR-5 

Log-linearc 

AR-2 

AR-5 

~ (x 1000)a SE (~X 1000)a 

2.0 0.70 
(1.02)d (0.70) 
1.8 0.78 
1.8 0.78 

1.7 1.5 
2.7 1.6 
3.1 1.7 

2.0 0.91 
0.09 1.9 

1.3 1.06 
1.6 2.2 

1.0 1.1 
2.2 2.3 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in TSP or S02. 
b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1992a) are given in parentheses. 

Correct1,d 
t Value 

2.6 
(1.5) 
2.3 
2.2 

1.7 
1.6 
1.9 

2.0 
0.04 

1.2 
0.72 

0.96 
0.99 

77 



The Association of Mortality and Particulate Air Pollution 

ST. LOUIS 

Table 8.21. Summary Statistics for the St. Louis Data Set, September 1985-August 1986 

Days of 
Variable Observation Mean SD Min Median Max 

Weather 
Temperature COFJ 365 57.8 20.1 8 60 91 

Dew point (°F) 365 (45.0)' (19.4) (-7) [75) 

Particulate air pollution 
PMw l!!gim3

) 311 27.6 15.0 24 97 

PMz.sl!lgim3
) 312 17.7 10.0 1 16 75 

so. [!lgim3
) (311)b [8.0) (51) (0) (38) 

H+ (nmol/m3
) 220 9.8 12.0 0 6.1 87.8 

Gaseous air pollution 
SOz (ppb) 353 8.9 5.8 0 7.7 47.0 

NOz(ppb) 324 20.0 7.0 5.7 19.3 51.4 

03 (ppb) 325 22.5 18.5 -1.6 21.0 63.7 

Daily total mortality 365 55.9 8.2 31 56 81 

• Values from the analysis by Dockery and Associates (1 992) are given in parentheses when they differ from the New Analysis values. 

b Only the Original Investigators' data are given for so. because the New Analysts did not evaluate S04. 
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Figure B.4. Plot of unfiltered mortality, weather, and pollution data for St. Louis, September 198S-Augusl1986, by calendar lime. 
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200 300 

Oa1ly Mortahty vs. Time 
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Figure B.S. Plot of filtered mortality, weather, and pollution data for St. Louis, September 1985-August 1986, by calendar time. Filtering refers to the process 
of removing long-term time trends from the data; the transformed data are then departures from the modeled averages. One consequence of filtering is that the 
scale of the filtered data is altered. In this figure, mortality counts or air pollution meausrements, which in their raw form can take only positive or zero values 
on a given day, can appear as negative values when plotted as departures from the modeled average. 
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Table B.22. Poisson Regression of St. Louis Total Mortality. September 1985-August 1986, on Weather Variables 

~ (x 1000) SE (~ x 1000) 
Uncorrected Corrected 

Variable t Value t Valuea 

Intercept 4,166.5 42.0 99.3 102.2 
Temperature concurrent day (°F) 2.5 1.0 2.4 2.5 

Temperature prior day (°F) -5.0 0.96 -5.3 -5.5 
Winter 23.7 14.6 1.6 1.7 

Spring -23.7 40.5 -().58 -().61 

Hot day (2: 83°F) 27.4 16.9 1.6 1.7 

Spring x temperature (°F) 1.8 1.3 1.4 1.5 

' Corrected for constant over-dispersion. 

Table B.23. Poisson Regressions of St. Louis Total Mortality, September 1985-August 1986, on Various Prior Day's 

Pollutants, Controlling for Season and Weather 

~ (x 1000)a SE (~ x 1000)a 
Uncorrected 

Pollutant t Value 

PM10 (~g/m3 ) 1.5 0.71 2.1 
(l.S)c (0.69) 

PMz.s (~g/m3 ) 1.7 0.99 1.7 
(1.7) (0.96) 

H' (nmollm3
) 1.1 1.2 0.95 

(0.86) (1.2) 
so, (ppb) 0.78 1.3 0.6 

(0.75) (1.2) 
NOz (ppb) 0.40 1.1 0.35 

(0.37) (1.1) 
o, (ppb) 0.35 0.75 0.47 

(0.29) (0.76) 

' ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the respective pollutant. 

b Corrected for constant over-dispersion. 

c Values from the analysis by Dockery and associates (1 992) are given in parentheses. 
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Corrected 
t Valueb 

2.1 
(2.2) 
1.8 

(1.8) 
0.86 

(0.73) 
0.6 
(0.60) 
0.37 

(0.34) 
0.48 

(0.38) 
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Table B.24. IWFLS Log-Linear Regressions for St. Louis Total Mortality, September 1985-August 1986, on Prior Day's 
PM10, Controlling for Season and Weather 

Variable Model 6 (x 1000)a SE (6 x 1000)3 

PMw (JJg/m3
) Log-linear' 1.5 0.71 

[1.5)d (0.69) 
AR-2 1.5 0.67 
AR-5 1.4 0.63 

' 6 (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the prior day's PMw leveL 
b Corrected for over-dispersion. 

' Fit by Poisson regression. 

d Values from the analysis by Dockery and associates (1992) are given in parentheses. 

EASTERN TENNESSEE 

Table B.25. Summary Statistics for the Eastern Tennessee Data Set, September 1985-August 1986 

Days of 
Variable Observation Mean SD Min Median 

Weather 
Temperature (°F) 365 59.8 17.2 11 63 
Dew point (°F) 365 47.9 17.8 -1 53 

Particulate air pollution 
PM10 (J,1g/m3

) 330 30.1 12.1 4 30 
PMz.s (J.ig/m3

) 331 21.0 9.4 4 20 
so.(J.iglm'J (330)8 (8.7) (5.0) (1) 
H+ (nmol/m3

) 232 36.1 39.6 0 22.5 

Gaseous air pollution 
SOz (ppb) 361 5.2 4.1 -1.3 4.5 

(0) 
NOz [ppb) 338 12.6 5.1 3.8 11.8 o,(ppb) 358 23.00 11.4 -0.08 22.3 

[0) 

Daily total mortality 365 15.5 4.2 5 15 

Corrected 
t Valueb 

2.1 
(2.2) 
2.2 
2.2 

Max 

86 
71 

67 
58 

(27) 
289.8 
(90) 

29.2 

33.5 
49.1 

29 

• Values from the analysis by Dockery and associates (1992) are given in parentheses. Only the Original investigators' data are given for so. because the New Analysts did not evaluate so •. 
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Figure B.7. Plot of unfiltered mortality, weather, and pollution data for Eastern Tennessee, September 1985-August 1986, by calendar time. 
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Figure B.8. Plot of filtered mortality, weather, and pollution data for Eastern Tennessee, September 1985-August 1986, by calendar time. Filtering refers to the process of removing long-term time trends from the data; the transformed data are then departures from the modeled averages. One consequence of filtering is that the scale of the filtered data is altered. In this figure, mortality counts or air pollution meausrements, which in their raw form can take only positive or zero values on a given day, can appear as negative values when plotted as departures from the modeled average. 
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Figure B.9. Scatlerplots of mortality, weather, and pollution data for Eastern Tennessee, September 1985-August 1986. 
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Table 8.26. Poisson Regression of Eastern Tennessee Total Mortality, September 1985-August 1986, on Weather 
Variables 

~ (x 1000) SE (~X 1000) 
Uncorrected Corrected 

Variable t Value t Valuea 

Intercept 2.656.0 106.8 24.9 22.7 
Temperature concurrent day (0 f) -3.1 2.5 -1.2 -1.1 
Temperature prior day (0 f) 9.6 4.1 2.4 2.2 
Dew point prior day (0 f) -7.3 2.9 -2.6 -2.3 
Hot concurrent day (;:? 82°f) -242.0 113.0 -2.14 -2.0 Hot prior day (;:? 82°f) -104.5 83.8 -1.2 -1.1 Humid concurrent day -197.1 76.4 -2.6 -2.4 Hot humid day 309.9 135.8 2.3 2.1 Winter 113.9 54.01 2.1 1.9 Spring 64.8 42.0 1.5 1.4 Summer -1.602.4 710.4 -2.3 -2.1 
Summer x temperature (0 f] 22.0 9.3 2.4 2.2 

' Corrected for constant over-dispersion. 

Table 8.27. Poisson Regressions of Eastern Tennessee Total Mortality, September 1985-August 1986, on Various Prior 
Day's Pollutants, Controlling for Season and Weather 

~ (x 1000)a SE (~X 1000)a 
Uncorrected 

Pollutant t Value 

PM10 {J.Ig/m3
) 1.6 1.4 1.1 

(1.6)' (1.5) (1.1) 
PMz.s (J.!g/m3

) 2.3 1.8 1.3 
(2.3) (1.9) (1.2) 

H• (nmol/m3
) 0.2 0.54 0.32 

(0.2) (0.55) (0.31) so, {ppb) 1.2 3.4 0.36 
(0.35) (0.36) (0.97) 

N0 2 (ppb) 2.9 3.3 0.86 
(1.9) {3.3) (0.58) o, (ppb) -D.70 2.0 -0.35 

(-D.65) (1.8) (-D.37) 

'~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the respective pollutant. 
b Corrected for constant over-dispersion. 

'Values from tbe analysis by Dockery and associates (1992) are given in parentheses. 

Correct'd 
t Value 

1.0 

1.1 

0.31 

0.33 

0.78 

0.32 
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Table B.28. IWFLS Log-Linear Regressions of Eastern Tennessee Total Mortality, September 1985-August 1986, on 

Prior Day's PM1o. Controlling for Season and Weather 

Variable Model ~ (x 1000)a SE (~X 1000)a 

PM1o (!tg/m3
) Log-linearc 1.6 1.4 

(1.6)d (1.5) 
AR-2 0.82 1.5 
AR-5 0.48 1.5 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the prior day's PM10 level. 

b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the analysis by Dockery and associates (1992) are given in parentheses. 

UTAH VALLEY 

Table B.29. Summary Statistics for Utah Valley Data Set, April1985-December 1989 

Percentile 

Days of 
Variable Observation Mean SD Min 25th 50th 

Weather 
Low temperature (°F) 1,736 40.6 15.4 -20 30 42 
Low relative humidity (2: 38%) 1.736 30.5 14.3 6 20 26.5 

Air pollution 
PM10 [!1gim3

) 1,706 47.2 33.7 11.2 29 38 

Daily total mortality 1,736 2.7 1.7 0 2 

Daily cause-specific mortality 
Cardiovascular disease 1,736 1.2 1.1 0 0 1 
Respiratory disease 1,736 0.26 0.51 0 0 0 

88 

Correct\d 
t Value 

1.0 
(1.1) 
0.56 
0.32 

75th Max 

53 72 
38 92 

51 296.7 

4 12 

2 6 
0 3 
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Figure B.lO. Plot of unfiltered mortality, weather, and pollution data for Utah Valley, Aprii1985-December 1989, by calendar time. 
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Figure B.11. Plot of filtered mortality, weather, and pollution data for Utah Valley, April 1985-December 1989, by calendar time. Filtering refers to the 

process of removing long-term time trends from the data; the transformed data are then departures from the modeled averages. One consequence of filtering 

is that the scale of the filtered data is altered. In this figure, mortality counts or air pollution meausrements, which in their raw form can take only positive or 

zero values on a given day, can appear as negative values when plotted as departures from the modeled average. 
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Table B.30. Poisson Regression of Utah Valley Total Mortality, April1985-December 1989, on Weather Variables 

~ (x 1000) SE (~x 1000) 
Uncorrected Corrected 

Variable tValue t Valuea 

Intercept 796.1 56.8 14.0 11.8 

Low temperature(< 20°F) 262.2 75.9 3.5 2.9 

Low temperature (2{}-30°F) 361.3 65.5 5.5 4.7 

Low temperature (3{}-40°F) 185.9 61.0 3.0 2.6 

Low temperature (4{}-50°F) 243.8 58.7 4.2 3.5 

Low temperature (50-60°F) 129.7 59.8 2.2 1.8 

Low relative humidity(~ 38o/o) -61.4 41.4 -1.5 -1.3 

Date -o.oo 0.03 -0.05 -o.04 

• Corrected for constant over-dispersion. 

Table B.31. Poisson Regression of Utah Valley Total Mortality, April1985--December 1989, on Five-Day-Lagged Average 

ofPMto. Controlling for Weather Variables 

~ (x 1000)a SE (~X 1000)a 
Uncorrected ~o~:~~~bd 

Variable t Value 

Intercept 733.0 60.4 12.1 10.3 
(742.7)c (25.9) (28.6) 

Low temperature(< 20°F) 186.7 80.4 2.3 2.0 

(185.1) (49.5) (3.7) 

Low temperature (2{}-30°F) 341.3 66.0 5.2 4.4 

(342.7) (35.7) (9.6) 

Low temperature (3{}-40°F) 193.4 61.1 3.2 2.7 

(196.7) (39.0) (5.1) 

Low temperature (4{}-50°F) 255.0 58.7 4.3 3.7 

{244.2) (24.7) {9.9) 

Low temperature (50-60°F) 137.8 59.9 2.3 2.0 

(127.9) (33.2) (3.9) 

Low relative humidity(~ 38o/o) -80.6 42.2 -1.9 -1.6 

(-86.5) (10.7) (-8.1) 

Date -o.oo 0.03 -Q.12 -Q.10 

(-14.7) (11.8) (-1.2) 

PM10 {J.lg/m3
) 1.6 0.51 3.1 2.6 

(1.5) (0.31) (4.8) 

"~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the five-day-lagged average PM10 level. 

b Corrected for constant over-dispersion. 

c Values from the analysis by Pope and associates (1992) are given in parentheses. 
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Table B.32. Poisson Regressions of Utah Valley Cause-Specific Mortality, April1985-December 1988, on 
Five-Day-Lagged Averages of PM1o, Controlling for Weather 

6 (x 1000)a SE (6 x 1000)a 
Uncorrected 

Cause of Death t Value 

Cardiovascular disease 1.8 0.72 2.5 
{1.8)' (0.72) (2.5) 

Respiratory disease 3.9 1.5 2.6 
(3.6) (1.5) (2.4) 

All others 0.61 0.80 0.76 
(0.50) (0.80) (0.63) 

Correct\d 
t Value 

2.1 

3.3 

0.63 

• ~ [x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the five-day-lagged average PM10 level 
b Corrected for constant over-dispersion. 

c Values from the analysis by Pope and associates (1992) are given in parentheses. 

Table B.33. IWFLS Log-Linear Regressions of Utah Valley Total and Cause-Specific Mortality, April 1985-December 
1989, on Five-Day-Lagged Average of PM1o. Controlling for Weather 

Variable 

Total mortality 

Cause-specific mortality 
Cardiovascular disease 

Respiratory disease 

All others 

Model 

Log-linear' 

AR-2 
AR-5 

Log-linear' 

AR-2 
AR-5 

Log-linear' 

AR-2 
AR-5 

Log-linear' 

AR-2 
AR-5 

6 (x 1000)a 

1.6 
(1.5)d 
1.6 
1.6 

1.8 
(1.8) 
1.8 
1.9 

3.9 
3.6 
3.7 
3.8 

0.61 
(0.50) 
0.51 
0.52 

SE (6 x 1000)a 
Correct\d 
t Value 

0.51 2.8 
(0.31) (4.8) 
0.50 3.1 
0.50 3.2 

0.72 2.3 
(0.72) (2.5) 
0.74 2.4 
0.72 2.5 

1.5 2.9 
1.5 2.4 
1.5 2.4 
1.5 2.5 

0.80 0.69 
(0.80) (0.63) 
0.80 0.64 
0.80 0.65 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in the five-day-lagged average PM10 level. 
b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the analysis by Pope and associates (1992) are given in parentheses. 
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BIRMINGHAM 

Table B.34. Summary Statistics for Birmingham Data Set, August 1985-December 1988 

Percentile 

Variable Mean lOth 25th 50th 75th 90th Max 

Weather 
Temperature (°F) 62.6 40 51 64 76 81 88 

Dew point (°F) 50.8 26 37 53 66 71 75 

Air pollution 

PM1o (J.tg/m
3

) 47.9 31 29 44 62 80 163 

Daily total mortality 17.1 12 14 17 20 23 33 
(10)" 

• Results from the original analysis by Schwartz (1993) are given in parentheses when they differ from the New Analysis values. 
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Figure B.13. Plot of unfiltered mortality, weather, and pollution data for Birmingham, Augusi1985-December 1988, by calendar time. 
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Figure B.14. Plot of filtered mortality, weather, and pollution data for Birmingham, August 1985-December 1988, by calendar time. Filtering refers to the 
process of removing long-term time trends from the data; the transformed data are then departures from the modeled averages. One consequence of filtering 
is that the scale of the filtered data is altered. In this figure, mortality counts or air pollution meausrements, which in their raw form can take only positive or 
zero values on a given day, can appear as negative values when plotted as departures from the modeled average. 
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Table B.35. Poisson Regression of Birmingham Total Mortality, August 1985-December 1988, on Weather Variables 

~ (x 1000) SE (~X 1000) 
Uncorrected Corrected 

Variable t Value t Valuea 

Temperature prior day (°F) -2.0 0.91 -2.2 -2.2 
(-2.2)b (1.1) 

Hot prior day (;:, 83°F) 66.6 41.6 1.6 1.6 
(56.3) (34.8) 

• Corrected for constant over-dispersion. 

b Values from the analysis by Schwartz (1993) are given in parentheses. 

Table B.36. Poisson Regression of Birmingham Total Mortality, August 1985-December 1988, on Means ofPM1o for the 
Three Prior Days, Controlling for Year, 48 Sinusoidal Terms, Date, and Weather 

~ (x 1000) SE (6 x 1000) 
Uncorrected Corrected 

Variable t Value t Valuea 

Temperature (°F) -2.4 1.0 -2.3 -2.4 
Hot prior day (;:, 83°F) 58.9 42.6 1.4 1.4 
PMto (!!g/m3

)b 1.0 0.40 2.5 2.0 
(t.or (0.43) 

• Corrected for constant over-dispersion. 

b ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in PM to average of the three prior days. 
c Values from the analysis by Schwartz (1993) are given in parentheses. 

Table B.37. IWFLS Log-Linear Regressions of Birmingham Total Mortality, August 1985-December 1988, on Mean of 
PM10 for the Three Previous Days, Controlling for Year, 48 Sinusoidal Terms, Date, and Weather 

Variable Model 6 (x 1000)a SE (6 X 1000)a 

PM10 !~g/m3 ) Log-linearc 1.02 0.40 
(1.02)d (0.43) 

AR-2 0.68 0.38 
AR-5 0.97 0.37 

• ~ (x 1000) is interpreted as approximately the percentage of change in mortality per 10-unit change in PM10 level. 

b Corrected for over-dispersion. 

c Fit by Poisson regression. 

d Values from the Schwartz and Dockery analysis (1993) are given in parentheses. 

SANTA CLARA 

Table B.38. Summary Statistics for the Santa Clara Data Set, 1980-1986 

Variable 

Daily mortality 
Coefficient of haze 

1980 

17.67 
69.25 
(67.9)8 

1981 

18.06 
59.65 

(56.3) 

• Results from the original analysis by Fairley (1990) are given in parentheses. 
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1982 

18.30 
60.37 
(59.5) 

1984 

16.81 
59.85 
(60.9) 

1985 

19.46 
79.57 

(86.8) 

Correct1,d 
tValue 

2.5 

2.3 
2.6 

1986 

18.84 
66.65 

(70.0) 
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Figure 1!.16 Plot of unfiltered mortality, weather, and pollution data for Santa Clara, 1980-1986, by calendar time. 
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Figure B.17. Plot of filtered mortality, weather, and pollution data for Birmingham, August 1985-December 1988, by calendar time. Filtering refers to the 
process of removing long-term time trends from the data; the transformed data are then departures from the modeled averages. One consequence of filtering 
is that the scale of the filtered data is altered. In this figure, mortality counts or air pollution meausrements. which in their raw form can take only positive or 
zero values on a given day, can appear as negative values when plotted as departures from the modeled average. 
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Table B.39. Deaths in Various Disease Categories for the Santa Clara Data Set, 1980-1986 

Nonaccidental 

Respiratory Cardiovascular 
Variable Total Disease Cancer Disease Other Accidental 

Winter daily mortality [mean) 19.8 1.8 4.5 6.2 7.4 1.2 

(Average daily deaths in winter)' (19.6) (1.8) (4.8) (9.7) (3.3) [1.5) 

• Results for winter from the original analysis by Fairley (1990) are given in parentheses. 

Table B.40. Linear Regressions of Santa Clara Total Mortality, 1980-1986, on Coefficient of Haze, Controlling for Year, 
Day of the Winter, and Weather 

~ of Coefficient 
of Haze 

SE (~x 1000) Model a (x 1000) Adjusted R2 F p Value 

9.9 2.5 2.8 15.8 < 0.0001 

(9.9)b (2.5) (2.7) (16.0) (< 0.0001) 

2 9.5 2.5 7.8 4.2 < 0.0001 

(9.4) (2.5) (6.7) (4.4) (< 0.0001) 

3 8.2 2.9 8.4 1.6 0.19 

(8.3) (2.9) (7.1) (2.0) (0.16) 

4 8.4 2.9 13.5 10.6 < 0.0001 

(8.4) (2.9) (11.3) (11.0) (< 0.0001) 

5 6.7 3.0 16.1 2.3 0.03 

(6.4) (3.0) (13.2) (2.7) (0.01) 

6 4.8 3.2 18.6 1.2 0.31 

(4.8) [3.2) (13.4) (1.1) (0.34) 

8 6.3 3.1 14.5 0.99 0.43 

(6.1) (3.1) (11.2) (1.2) (0.33) 

9 2.6 4.1 14.6 3.6 0.03 

[2.9) [4.1) (12.8) [3.7) (0.03) 

10 2.5 4.2 14.9 1.4 0.20 

(2.0) (5.0) (12.9) (1.7) 

'Description of models: 1. coefficient of haze only; 2, model1 plus year indicators; 3, model 2 plus temperature and relative humidity, continuous; 4, model 

3 plus third-order polynomial for day of winter; 5, model4 plus the interaction between indicators for day of the winter and years; 6, model 5 plus separate 

third-order polynomials fit to each year; 8. model4 plus six temperature lag indicators; 9, model 4 plus two coefficient of haze lag indicators: and 10, model 

4 plus six coefficient of haze lag indicators. 

b Results from the original analysis by Fairley (1990) are given in parentheses. 
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Table 8.41. Linear Regressiona of Santa Clara Cause-Specific Mortality, 1980-1986, Controlling for Year, Day of the 
Winter, and Weather 

Cause of Death 

Model4 
Nonaccidental 

Total 

Respiratory disease 

Cancer 

Cardiovascular disease 

Other disease 

Accidental 

Models 
Nonaccidental 

Total 

Respiratory disease 

Cancer 

Cardiovascular disease 

Other disease 

Accidental 

• Ordinary least-squares regressions. 

~ of Coefficient 
of Haze (x 1000) 

8.4 
(8.4)b 

3.1 
(3.1) 
2.1 

(2.1) 
2.0 

(4.0) 

1.2 
(-Q.9) 

-0.1 
(0.1) 

6.7 
(4.8) 

2.5 
(2.6) 
1.8 

(1.8) 

1.5 
{3.0) 
0.8 

(-Q.9) 

-o.3 
(-Q.3) 

b Results from the original paper by Fairly (1990) are given in parentheses. 

SE (~x 1000) 

2.9 
(2.9) 
0.9 

(0.9) 

1.3 
(1.4) 
1.6 

(1.9) 

1.8 
(1.3) 

0.7 
(0.7) 

3.0 
(3.2) 
0.9 

1.4 
(1.4) 

1.7 
(2.0) 
1.9 

(1.3) 

0.8 
(0.8) 

Uncorrected 
t Value 

2.9 
(2.9) 

3.6 
(3.6) 

1.6 
(1.6) 
1.3 

(2.1) 

0.67 
(-Q.73) 

-o.16 
(-Q.l) 

2.2 
(1.5) 
2.8 

(2.9) 
1.3 

(1.3) 

0.92 
(1.5) 

0.43 
(-Q.72) 

-o.39 
(-Q.39) 
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INTRODUCTION 

Recent epidemiologic studies suggest that exposure to 
particulate air pollution may cause increased mortality and 
morbidity from respiratory and cardiovascular diseases 
(Pope et al. 1995b). These studies have generated both 
intense scientific controversy and legal and regulatory ac
tion due to their public health and regulatory implications. 
Under legal pressure from the American Lung Association 
and with intense interest from the mining, automobile, 
power generation, and steel industries, the U.S. Environ
mental Protection Agency (EPA) is preparing for an accel
erated review of its Particulate Matter Criteria Document 
and National Ambient Air Quality Standard (NAAQS)* for 
particulate matter. An objective, rigorous, and time! y eval u
ation ofthe epidemiologic data on particulate air pollution 
and mortality, designed to assess the validity of prior results 
and to refine our understanding of their meaning, should 
be a component of this review. The Health Effects Institute 
created the Particle Epidemiology Evaluation Project to 
contribute to such an evaluation. This HEI Special Report 
presents the results from Phase I of the project, which 
focuses on the replication and validation of selected data 
sets and analyses that address the relation between particu
late air pollution and daily mortality. 

BACKGROUND 

Scientists have known for decades that large short-term 
increases in particulate air pollution can cause increased 
mortality (Brimblecombe 1987). More recently, a growing 
number of epidemiologic studies, often employing sophis
ticated statistical methods, have suggested that much 
smaller short-term increases in particulate air pollution 
may increase daily mortality rates from respiratory and 
cardiovascular diseases (Pope et al. 1992; Schwartz and 
Dockery 1992; Schwartz 1993). These studies have used 
particulate matter of less than 10 micrometers in aerody
namic diameter (PM10l as the index for particulate air 
pollution, and have measured it below the current NAAQS 
(150 micrograms of particles per cubic meter of air over 24 
hours). Other studies suggest that long-term exposure also 
may increase the risk of death (Dockery et al. 1993; Pope et 
al. 1995c). Several recent reviews provide detailed discus
sions of these studies (Ostro 1993; Dockery and Pope 1994; 
Pope et al. 1995b). 

As these findings have emerged, so have questions about 
their validity, interpretation, and implications. The most 

• A list of abbreviations appears at tbe end of tbe New Analysts' report for 
your reference. 

intense controversy has surrounded the interpretation of 
studies that observed increased mortality rates associated 
with daily increases in ambient particle concentrations. 
Although some investigators who conducted the original 
studies have inferred a causal relation between particulate 
pollution and daily mortality (Schwartz and Dockery 1992; 
Schwartz 1993; Pope et al. 1995a), critics ofthis interpreta
tion have stated that they could not replicate certain key 
results, and that the effects attributed to particles may, in 
fact, be due to other air pollutants or to weather and climatic 
factors (Kalkstein 1991, 1994; Mackenbach et al. 1993; Li 
and Roth 1995; Moolgavkar et al. 1995a,b). 

The proportional elevations in daily mortality associated 
with particulate air pollution observed in these studies are 
small. This has led to concerns that the findings might be 
sensitive to which statistical approaches and modeling 
strategies have been used, or that errors in measuring popu
lation exposure to particulate air pollution might have 
affected the results (Thomas 1994; Thurston and Kinney 
1995). The modeling strategies and the validity of data 
bases used in these investigations have been questioned, in 
part because statistical methods for analyzing time-series 
data are not standardized and are undergoing development. 
In addition, the investigators had to make decisions about 
the correct approach to choosing and characterizing factors, 
such as weather and other air pollutants, that must be 
included in any analysis to provide an accurate estimate of 
the association of particulate air pollution with mortality. 
Although the findings of many studies indicate a positive 
association between particulate air pollution and increased 
daily mortality rates, studies from some regions have not 
found these effects (Mackenbach et al. 1993) and some other 
investigators have independently analyzed cities for which 
positive associations were reported and have come to other 
conclusions (Li and Roth, 1995; Moolgavkar et al. 1995b). 

Some critics have pointed to apparent inconsistencies 
between the findings of epidemiologic and toxicologic 
studies, noting that deleterious effects are apparently ab
sent from the toxicologic studies, and arguing that if such 
exposures truly cause increased mortality, then toxicologic 
studies of similar exposures ought to show evidence of 
relevant physiologic responses. The studies of daily mor
tality have elicited the most intense scientific controversy, 
in part because the mechanisms that could underlie these 
effects are unknown and are difficult for some scientists to 
imagine (Utell and Samet 1993). Perhaps most importantly, 
the public health implications of the daily mortality results 
are not clear. Do these studies mean that particulate air 
pollution affects mainly the day-to-day variation in mortal
ity rates, or does it also cause more profound reductions in 
life span? 
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THE PARTICLE EPIDEMIOLOGY 
EVALUATION PROJECT 

PROJECf DESCRIPTION 

In July 1994, HEI began an evaluation and reanalysis of 

recent epidemiologic studies ofthe effects of particulate air 

pollution on mortality. The analyses are being conducted 

by a team of analysts, referred to as the New Analysts, 

working with an HEI Oversight Committee and a group of 

the investigators. referred to as the Original Investigators, 

who conducted a number of the original studies. The pro

ject was designed to allow the New Analysts maximal 

independence to evaluate both the validity and interpreta

tion of the epidemiologic results in the context of ongoing 

interaction with and critical evaluation by the broader 

scientific community. 

An eight-member Oversight Committee, appointed by 

the HEI Board of Directors and consisting of leading scien

tists in several disciplines relevant to air pollution epi

demiology, has overseen key aspects of the project. including 

selection of the New Analysts, the design of an analytic 

plan, the conduct of the analyses. and the preparation of 

final reports. The Oversight Committee is also responsible 

for providing HEI's assessment of the New Analysts' con

tribution to the current state of scientific knowledge. 

The New Analysts were selected via a competitive proc

ess. In August 1994, HEI issued a Request for Qualifications 

targeted at epidemiologists and statisticians in order to 

identify potential teams of qualified analysts. In early Oc

tober, a Selection Subcommittee ofthe HEI Oversight Com

mittee reviewed 14 applications from the United States, 

Canada, and Europe, and selected a team led by Drs. 

Jonathan Samet and Scott Zeger, of The Johns Hopkins 

University, to design and conduct the analyses. 

The involvement of the researchers whose studies were 

the subjects of the reanalysis is a vital feature of the project. 

At the project's inception, the Original Investigators, 

Douglas W. Dockery, David Fairley, C. Arden Pope III, and 

Joel Schwartz, agreed to make their data available to the 

New Analysts and to cooperate in the data reanalyses. At a 

later stage, Dr. Suresh Moolgavkar (University of Washing

ton), a leading critic of these earlier studies, also shared data 

from his analyses of Philadelphia mortality with the New 

Analysts. The involvement of these investigators has al

lowed expeditious and accurate resolution of technical 

issues and has promot.ed a constructive exchange of views. 

At the inception of the project, the Original Investigators 

were invited to prepare a response to the New Analysts' 

Phase I report; their response appears in the last section of 

this HEI Special Report. 
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The analyses have been guided by an analytic plan, 

developed in advance by the New Analysts. Their draft 
analytic plan was discussed ai a public workshop organized 
by the EPA in November 1994. After that workshop, the 
New Analysts developed their final analytic plan, which 
was approved by the Oversight Committee in January 1995, 

after discussion with the Original Investigators and a broad 
group of scientists and other interested parties. 

To ensure maximal critical evaluation of the Phase I 
analyses, the HEI Health Review Committee organized a 
review of the New Analysts' draft final report that was 
independent of the review performed by the HEI Oversight 

Committee. The six-member HEI Review Panel submitted 
a critique to the New Analysts and the Oversight Commit
tee. The New Analysts implemented a series of revisions in 

response to that critique when preparing their final Phase I 
report. 

PROJECf SCOPE 

The Particle Epidemiology Evaluation Project was de

signed to address a broad range of issues by conducting 

detailed reanalyses of selected data sets over approximately 

a two-year period. The general approach and specific objec

tives of the complete project were described in the Analytic 

Plan. Briefly, the project has four overall objectives: 

1. To evaluate through reanalysis of selected data sets the 

emerging evidence for an association between particu

late air pollution and increased mortality from all 

causes and from cardiovascular and respiratory dis
eases; 

2. To evaluate the biologic plausibility and public health 

significance of a causal association of particulate air 

pollution with mortality; 

3. To examine how sensitive the observed associations 

are to key analytic assumptions and features of the data 

sets; and 

4. To the extent that a consistent. strong association is 

found, evaluate the expected changes in mortality un

der various plausible scenarios of exposure reduction. 

SPECIFIC OBJECfiVES OF PHASE I 

In order to respond to an accelerated timetable for the 
EPA's review of the NAAQS for particulate matter, which 
required that results be available for review by the EPA's 

Clean Air Scientific Advisory Committee at the beginning 
of August 1995, the project was divided into two phases: 
Phase I, which focused on replicating the results from six 

key studies and testing the sensitivity of the original results 
to alternative analytic approaches; and Phase II, which will 
extend the reanalysis to include a broader group of studies 



The HEI Oversight Committee of the Particle Epidemiology Evaluation Project 

and focus on scientific questions with important public 
health implications, such as the impact of particulate air 
pollution on years of life lost. 

The objectives and scope of Phase I were: 
1. To reconstruct from original sources the data set for 

Philadelphia (as analyzed by Schwartz and Dockery 
1992) and attempt to confirm previous numerical re
sults derived from analyses of these data; 

2. To develop an analytic strategy based on the experi
ence gained with the Philadelphia data set; 

3. To apply this analytic strategy to the individual data 
sets for six locations: Philadelphia (Schwartz and 
Dockery 1992), Utah Valley (Popeet al. 1992), St. Louis, 
MO, Eastern Tennessee (Dockery et al. 1992), Birming
ham, AL (Schwartz 1993 ), and Santa Clara, CA (Fairley 
1990); and 

4. To complete an initial sensitivity analyses of one data 
set to evaluate the consequences of using alternative 
modeling strategies and different approaches to ad
dress confounding or modifying variables, such as 
weather. 

EVALUATION OF PHASE I 

The New Analysts' report demonstrates that they have 
essentially achieved the stated objectives of Phase I of the 
Particle Epidemiology Evaluation Project. Although the 
scope of Phase I was necessarily limited by the timing of 
the review process for the EPA's Particulate Matter Criteria 
Document. accomplishing the Phase I objectives clarifies 
how this body of epidemiologic studies are useful to that 
review. Given the potential public health significance of the 
positive association between daily air pollution and mor
tality reported in several of the studies, and given the 
uncertainty of the biologic plausibility of these associa
tions. a thorough evaluation required that a limited number 
of the studies with positive findings be subjected to an 
independent analysis, using the same data sets and statisti
cal methods as in the original reports. Beyond simple rep
lication, it was important to apply appropriate. uniform, 
state-of-the-art statistical methods to analyze each of the 
data sets. to compare the results of this New Analysis with 
the original results, and to explore the sensitivity of the 
original results to alternative analytic approaches. 

RECONSTRUCTION OF THE DATA SET FOR 
PIDLADELPIDA AND CONFIRMATION OF 
PREVIOUS FINDINGS 

The apparent inability of different investigators (Li and 
Roth 1995; Moolgavkar 1995b) to reproduce the original 

numerical results for Philadelphia (Schwartz and Dockery 
1992) has been an ongoing source of contention. In particu
lar. it has never been clear whether apparently different 
findings were the result of investigators having used differ
ent data sets; for example, Moolgavkar analyzed data for the 
years 1973 through 1988, eight more years of data than were 
analyzed by Schwartz and Dockery. To address this issue, 
the New Analysts constructed a data set for the years 1973 
through 1980, the years analyzed by Schwartz and Dockery. 
using the same publicly available air pollution and mortal
ity data bases used by Schwartz and Dockery (1992). The 
air pollution data base provided daily measurements of 
sulfur dioxide (SOz), a gaseous pollutant, and total sus
pended particulates (TSP), an index of particulate air pol
lution. The New Analysts then compared their data set to 
the data set provided them by the Original Investigators 
and. later, to the data set provided by Moolgavkar. They 
found a close correspondence between their reconstructed 
data for weather factors and mortality and the data provided 
by the Original Investigators. The agreement between the 
New Analysts' reconstructed mortality data and those pro
vided by Moolgavkar was less close, for reasons that remain 
unexplained (see Figure 3 in the New Analysts' report). The 
reconstructed air pollution data differed to some extent 
from the SOz data provided by Schwartz and Dockery and 
the TSP data provided by Moolgavkar (see Figures 5 and 6). 

The differences in the data sets do not appear to be 
important, however, because the New Analysts' modeling 
results are in reasonable agreement with those of Schwartz 
and Dockery and with those ofMoolgavkar. When restricted 
to the same set of years analyzed by Schwartz and Dockery, 
1973 through 1980, the overall results are quite compatible, 
with only minor differences in the magnitude and statisti
cal significance of the regression coefficients for TSP in the 
presence of SOz. 

DEVELOPI\1ENT OF AN ANALYTIC STRATEGY 
BASED ON THE EXPERIENCE GAINED WITH THE 
PIDLADELPIDA DATA SET 

Studies reporting results for different cities have used 
different analytic procedures, which has complicated ef
forts to compare the results and interpret the findings. The 
New Analysts developed an elegant statistical approach, 
the iteratively weighted and filtered least-squares (IWFLS) 
model, to test the association of daily mortality with daily 
air pollution and weather variables, and applied this ap
proach consistently across five data sets (all locales but 
Santa Clara). The IWFLS model evaluates the primary as
sociation of interest (i.e., mortality with indexes of particu
late air pollution), while controlling for potential confounding 
effects of weather and adjusting for overdispersion and 
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autocorrelation. (These terms denote, respectively, the 
presence in the data of a greater-than-expected variance of 
mortality counts [under the Poisson model), and a correla
tion between mortality rates on succeeding days. If present 
in the data, these features violate theoretical assumptions 
that underlie the more conventional statistical model, and 
can result in incorrect assessments of the statistical preci
sion ofthe results.) In this manner, the model provides valid 
variance estimates for the regression parameters of real 
interest, assuming that terms have been included in the 
model to account for other important determinants of daily 
mortality. Earlier predictions about the importance of 
overdispersion and autocorrelation to this type of analysis 
differed. Thurston and Kinney (1995) thought that these 
issues might be important determinants in estimates of 
mortality effects, whereas Thomas (1994) concluded that 
they would be of minor importance, and that model speci
fications (for example, which pollutants, weather or cli
matic factors. and functions of time were included) would 
be the more important determinants of the results. 

It appears that using the IWFLS model produced no 
important differences in estimates of effects, compared 
with the estimates produced by the more standard Poisson 
model. in the five data sets that were reanalyzed, although 
some changes in the statistical precision of the estimates 
were noted. In other data sets, in which the numbers of 
deaths per day are small or autocorrelation and overdisper
sion are more pronounced, adjustments for these factors 
may have a greater influence on the results. Although the 
IWFLS approach made little difference in the results, these 
results do address the concerns expressed by earlier review
ers, and demonstrate that the numerical results reported by 
the Original Investigators were not due to inadequate atten
tion to either overdispersion or autocorrelation. 

APPLICATION OF THE NEW ANALYTIC 
STRATEGY TO THE INDIVIDUAL DATA SETS 
FOR PIDLADELPIDA, UTAH VALLEY, ST. LOUIS, 
EASTERN TENNESSEE, BIRMINGHAM, AND 
SANTA CLARA 

The most important finding in the New Analysts' report 
is the confirmation of the numerical results of the earlier 
analyses of all six data sets. The New Analysts obtained data 
sets for all six locales from the Original Investigators. These 
were the data sets used to perform the original analyses 
(Dockeryet a!. 1992;Pope eta!. 1992; Schwartz and Dockery 
1992; Schwartz 1993), with the exception of the data from 
Santa Clara (Fairley 1990; see page 15 of the New Analysts' 
report). The New Analysts initially replicated the analyses 
conducted by the Original Investigators and then reana
lyzed the data using the IWFLS model. The results from the 
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IWFLS model agreed closely with those of the Original 
Investigators for all data sets. Thus, the original findings 
cannot be explained by an arbitrary choice of statistical 
model, but appear to be robust to a variety of modeling 
procedures. 

The New Analysts also confirmed the observations of 
Moolgavkar and associates (1995b) that the effects of TSP 
and SOz on mortality apparently differed during the four 
seasons of the year, with apparently stronger effects from 
TSP in the summer and fall and stronger effects from SOz 
in the winter and spring. 

INffiAL SENSITIVITY ANALYSES OF THE 
PIDLADELPIDA DATA SET TO EVALUATE 
ALTERNATIVE MODELING STRATEGIES 
AND DIFFERENT APPROACHES TO 
CONFOUNDING VARIABLES 

Both the Original Investigators and the New Analysts 
found an association between TSP and daily mortality) that 
persists when S02 is accounted for. However, these results 
are derived from statistical models that assume that the 
relation of the pollutants with mortality is both linear and 
additive (that is, there is a constant increase in the relative 
risk for a given increase in the level of pollutant, and that 
the combined effects of both pollutants is the sum of their 
individual effects). The ability of these models to estimate 
separate effects of each pollutant depends on the validity 
of the assumptions of linearity and additivity. 

Whereas the linear additive models used by the Original 
Investigators provide overall summaries of the effects on 
mortality ofthe individual pollutants, the sensitivity analy
ses described in this section allow for more complex rela
tionships among the pollutants, seasons, and mortality. The 
results of these analyses suggest that the results of the linear 
additive models simplify a complex set of relations. 

Whereas the original Philadelphia analysis (Schwartz 
and Dockery 1992) implied linear effects of both TSP and 
SOz on the relative risk of daily mortality, the New Analysts 
demonstrated that the effects of each pollutant on mortality 
are nonlinear. Both the parametric and non parametric com
parisons of alternative models (see Table 51 of the New 
Analysts' report) suggest that notable nonlinearities are 
apparent in the relationships between pollutant level and 
mortality. Even more convincing are the nonparametric 
plots of the two pollutant-mortality associations presented 
in Figure 11. These plots suggest a stronger effect of TSP at 
high levels and a stronger effect of SOz at low levels. Despite 
the apparently narrow confidence bands around the TSP 
curve at low levels, these results should be interpreted 
cautiously because (1) they involve assumptions that the 
other parts of the model are correctly specified, and (2) they 
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relate to only one data set; thus, the existence of a level of 
exposure below which TSP has no effect on mortality 
remains speculative. 

The New Analyses also suggest an interaction between 
the two pollutants, that is, that the effect of one pollutant 
on mortality depends on the level of the other pollutant. 
This conclusion is supported both by the formal compari
sons of the alternative models with and without interaction 
terms (whether treating the dose-response relations para
metrically or non parametrically, as in Table 51), and by the 
graphical presentation of the effects of both pollutants 
(Figures 9 and 12). Again, however, caution is advised. 
Given the high correlation between the two pollutants, 
separating their main effects is difficult, and identifying 
interaction effects is even harder. It also is clear that impor
tant interactions between pollutant and season are occurring, 
and other interactions (such as with weather) may account for 
the apparent interactions between the pollutants. 

The Philadelphia analyses found striking differences in 
the effect of air pollution on mortality when age groups 
were assessed. The finding of considerably stronger effects 
on mortality in the age group 65 years and older has been 
observed by others (Fairley 1990; Styer et a!. 1995). It is 
consistent with the underlying hypothesis, expressed in the 
New Analysts' report and elsewhere (Schwartz 1994) that 
the acute effect of particulates on mortality is caused by 
exacerbating preexisting disease in groups with already 
compromised health. This is an important observation that 
should be confirmed in other data sets. Similarly, the New 
Analysts have proposed that the time interval between 
pollutant exposure and death (that is, the lag structure) will 
differ for different causes of death, but this hypothesis 
could not be adequately evaluated in a single data set. 
Exploring the lag structure in different regions of the coun
try, for older and younger subgroups, and for different 
causes oJ death would offer important clues regarding bio
logic mechanisms underlying the association of air pollu
tion with daily mortality. 

The New Analysts demonstrated that the findings, at 
least for Philadelphia. were insensitive to a range of alter
native model specifications, such as the form of the weather 
and pollution variables, although time limitations pre
vented them from examining a broad range of specifications 
for these variables (see the discussion of Future Research 
below). Furthermore, the results, for the most part, were not 
sensitive to assumptions regarding structures of autocorre
lation and the lag time (between the day of mortality being 
analyzed and the day of measured pollution). In the Phila
delphia data, the estimated regression coefficients for TSP 
and SOz were largely insensitive to whether a second- or 
fifth-order autoregressive process was assumed (that is, the 

number of days over which mortality rates are considered 
to be directly correlated), although it appeared that if no 
autocorrelation was considered, variances were somewhat 
underestimated and the statistical precision ofthe resulting 
estimates would therefore be overstated. Despite these 
slightly larger variance estimates, the overall conclusions 
about the contributions of the two pollutants are not mate
rially changed. Although the New Analysts anticipated that 
the lag structure would vary by cause of death, their analy
ses did not confirm this expectation. 

LIMITATIONS OF THE PHASE I ANALYSES 

The restricted range of cities studied in Phase I limits the 
extent to which inferences can be made concerning the 
effects of particulate air pollution on daily mortality. Al
though it is true that the six data sets were selected because 
they span different geographic regions of the country 
(northeast, southeast, Rocky Mountain area, and Pacific 
coast), thereby providing contrasts in characteristics of 
weather, climate (including seasonal variation), and pollut
ants, they also were selected because the data sets were 
readily accessible and could be obtained and analyzed in 
the time available. Four of the six data sets contained 
relatively small numbers of days or deaths per day; these 
small data sets provided limited statistical power to evalu
ate the effects of copollutants or the effects in subgroups (by 
age, season of the year, and cause of death), which analyses 
would contribute considerably to our understanding of the 
nature of the particulate effects. 

An additional limitation of some of the data sets reana
lyzed in Phase I was the unavailability of data on gaseous 
pollutants other than SOz, particularly ozone and carbon 
monoxide. which have been hypothesized to be potential 
confounders of the association of particulate air pollution 
and daily mortality (Moolgavkar 1995b). The unavailability 
of these data not only precludes a direct evaluation of their 
confounding effects in these settings, but does not allow an 
assessment of their interaction with particulate air pollu
tion. 

The types of analyses performed in Phase I for the Phila
delphia data set, particularly those that examined the inter
relations among the various pollutants, need to be replicated 
with other data sets that contain the necessary quality and 
quantity of data to allow such analyses to be informative. 
In particular, the finding that the effect of air pollution on 
mortality differs by season, reported by Moolgavkar and 
colleagues (1995a) and others (Kinney eta!. 1995; Styer et 
a!. 1995), and corroborated in this report, needs to be 
explored further in geographic regions that have different 
seasonal conditions than those of the northeastern U.S. 
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Given that the formation of secondary aerosols varies under 
different conditions of sunlight and large-scale human ac
tivities. such as power generation and transportation. it is 
reasonable that the chemical composition of fine particu
lates would vary by season. This could be an explanation 
for the reported effects of SOz and ozone on daily mortality 
in different seasons (Moolgavkar et a!. 1995a), although an 
effect of the gaseous pollutants themselves cannot be re
jected given the current data. If seasonal heterogeneity is 
consistently demonstrated in future analyses, a clearer 
mechanistic study ofthe reasons for this effect, for example, 
better characterization of particle species in each of the 
seasons, would be called for. 

FUTURE RESEARCH: PARTICLE EPIDEMIOLOGY 
EVALUATION PROJECT PHASE II 

Phase II of the Particle Epidemiology Evaluation Project 
will begin with assembling a data set that will allow a more 
thorough assessment ofthe outstanding scientific questions 
than was possible in Phase I. The data set will be assembled 
from existing data bases that will be systematically evalu
ated and sampled with respect to patterns of air pollution. 
climate. weather, and other factors related to human health 
and survival. The data set will be designed to include 
geographic areas that are diverse with respect to these 
factors. Once this data set is assembled it will be analyzed 
to address a number of important questions regarding the 
association of daily mortality with particulate air pollution. 

A major focus of the Phase II analyses will be to assess 
the hypothesis that a portion of the apparent excess of daily 
deaths occurs in persons who would have died in the 
immediate future of preexisting disease without any eleva
tion in particulate air pollution. This "harvesting effect" is 
biologically plausible and some evidence supports this 
hypothesis (Spix et a!. 1993). The question of whether 
excess deaths observed on days with elevated particulate 
pollution indicate effects on mortality beyond small ad
vances in the time of death for affected persons is of major 
public health significance. Recent results suggest that cu
mulative effects occur with long-term exposure to particu
late air pollution (Dockery et a!. 1993; Pope et a!. 1995c). 
However, it will be even more difficult to gather observa
tional data to test the hypotheses about cumulative effects 
than to evaluate the short-term mortality and morbidity 
effects of particles. This question clearly deserves careful 
and comprehensive study. 

Phase II will expand the evaluation of additional ap
proaches to the analysis of weather effects on mortality. 
Although the New Analysts have shown that their results 
are quite robust to different specifications of the statistical 
models for temperature and dew point variables, there is at 
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least a heuristic need to demonstrate that other aspects of 
weather are not confounding the association of pollution 
with daily mortality. The New Analysts plan to address this 
in the next phase using the approach, developed by Kalk
stein ( 1994), based on "synoptic weather categories" that 
provide summaries of the multiple weather variables. Al
though it is unlikely that weather factors other than those 
already included in the models used in Phase I would have 
strong effects on mortality, this issue needs to be addressed. 

The effect of measurement errors in exposure to particu
late air pollution and in potential confounders, such as 
other air pollutants and weather, has yet to be addressed 
analytically and will be a focus of the Phase II work. In data 
sets with multiple variables. the direction and magnitude 
of bias due to measurement error depends, in a complex 
way, on the covariances among the true exposures and the 
covariances of their measurement errors. Thus, error in 
measuring a confounder can lead to underestimating its 
independent effect and losing control of its confounding 
effect on other variables with which it correlates, making it 
possible that the other effects will be either over- or under
estimated (Greenland 1980). For example, if SOz is meas
ured with more error than particulates, and SOz has an 
effect on mortality and is positively correlated with particu
lates, then the observed association of particulates with 
mortality will tend to be biased upward because of the SOz 
measurement error. The ability to adjust for this source of 
error depends on whether data are available on measure
ment errors for the pollutants and weather factors of interest 
and on how the errors correlate. Without these data, it will 
be difficult to correct estimates of mortality effects for 
measurement error. 

CONCLUSION 

Because the Phase I analyses agree with those of the 
Original Investigators, it is reasonable to conclude that, in 
these six data sets, daily mortality from all causes com
bined. and from cardiovascular and respiratory causes in 
particular, increases as levels of particulate air pollution 
indexes increase. The detailed analyses of the Philadelphia 
data set support a call for caution in assuming that the 
association between air pollution and mortality represents 
an independent effect of particles alone. 

As the New Analysts point out in their report, Phase I 
analyses were not intended to provide a thorough assess
ment of the available evidence on particulate air pollution 
and mortality, nor to determine if the observed association 
of particulate air pollution with mortality is causal. Phase 
II ofthe project will greatly extend the current analyses and, 
tDgether with the results reported here, will provide a more 
thorough assessment of the epidemiologic evidence on air 
pollution and mortality. 
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INTRODUCTION 

It has been recognized for many decades that high levels 
of air pollution can lead to increased morbidity and mortal
ity. The open questions have been whether exposures at 
lower levels also are associated with detectable increases 
in morbidity and mortality, and whether the specific agent 
or agents within the mixture of pollutants can be identified. 

In 1990, Schwartz and Marcus demonstrated that daily 
deaths in London during the winters of 1958 through 1972 
increased as concentrations of air pollution increased. 
Their hypothesis that particulate air pollution was associ
ated with increased daily mortality has subsequently been 
tested in various cities in the United States. Positive asso
ciations between various indexes of particulate air pollu
tion and daily mortality have been reported in Santa Clara, 
CA (Fairley 1990), Detroit, MI (Schwartz 1991), Steuben
ville. OH (Schwartz and Dockery 1992b). Philadelphia. PA 
(Schwartz and Dockery 1992a), Utah Valley, UT (Pope eta!. 
1992), St. Louis, MO (Dockery eta!. 1992), Eastern Tennes
see (Dockery eta!. 1992), Birmingham, AL (Schwartz 1993), 
Cincinnati, OH (Schwartz 1994b), Los Angeles, CA (Kinney 
eta!. 1995), and Chicago, IL (Ito eta!. 1995). 

The results of these analyses generally suggest that the 
associations between air pollution and daily mortality were 
independent of weather factors, and that these effects were 
observable at relatively low concentrations of air pollution. 
The quantitative consistency of this epidemiologic evi
dence has been summarized in several reviews (Dockery 
and Pope 1994; Ostro 1993; Schwartz 1994a; Pope eta!. 
1995a). 

Particulate air pollution also has been associated with 
increased daily morbidity, as measured by hospital admis
sions. emergency department visits. exacerbation of asthma 
and chronic respiratory disease, increased respiratory 
symptoms, and lower lung function (Dockery and Pope 
1994). Thus, a substantial body of literature shows a con
sistent and coherent association between particulate air 
pollution and short-term increases in morbidity and mor
tality. 

In addition, studies have observed increased health risks 
associated with prolonged exposure to particulate air pol
lution (Pope eta!. 1995b). Two recent studies reported that 
long-term exposure to fine particulate air pollution was 
associated with increased risk of mortality even after di
rectly controlling for individual differences in age, gender, 
race, cigarette sinoking, and other risk factors (Dockery et 
a!. 1993; Pope et a!. 1995c). Although the biologic links 
remain poorly understood, the results of the short-term and 
prolonged exposure studies complement each other in the 
sense that both have observed positive associations be-

tween particles and adverse health effects. but have used 
different study designs with different potential confoun
ders. 

Some recent papers suggest that the association between 
particulate air pollution and increased mortality may be 
biased. The authors of these papers express three concerns 
about these studies: (1) errors may have occurred in the 
analytic data sets; (2) the results of a study may be sensitive 
to analytic methods; and (3) confounding variables may not 
have been appropriately controlled (see Li and Roth 1995; 
Moolgavkar et a!. 1995; Styer et a!. 1995; Thurston and 
Kinney 1995). In response to these concerns, the Health 
Effects Institute undertook this reanalysis. focusing on se
lected studies of particulate air pollution and daily mortal
ity. The Phase I report by Samet and associates is limited to 
validating the data sets used in published analyses, repli
cating the analyses previously reported in the original pub
lished manuscripts. and assessing the sensitivity of the 
findings to the choice of statistical models and the selection 
and specification of variables. 

This reanalysis confirms our original findings. Although 
we are pleased with this. we also feel the need to interpret 
the results of the reanalysis in relation to the three concerns. 
and to put them into the context of the current literature. 

VALIDATION OF ANALYTIC DATA SETS 

Moolgavkar and associates (1995) reported that they 
could not replicate the data used in the original analysis of 
daily deaths and air pollution in Steubenville, OH 
(Schwartz and Dockery 1992b). Drs. Roger 0. McClellan 
and George Wolfe, in a letter to the Administrator of the 
Environmental Protection Agency, have suggested that data 
such as those used in the Steubenville analysis should not 
be considered in setting standards unless the original data 
are made available, presumably for validation and reana
lysis by independent investigators (Inside EPA 1994). How
ever. data for these daily time-series mortality studies in the 
United States were obtained from publicly available data 
bases. 

To address concerns regarding data validity, Samet and 
associates elected to reconstruct the data set from Philadel
phia for the period 1973 through 1980, as reported by 
Schwartz and Dockery (1992a). Daily mortality counts were 
extracted from National Center for Health Statistics data 
tapes, weather data from National Oceanographic and At
mospheric Administration records, and air pollution data 
from Environmental Protection Agency data bases. The 
reconstructed data set was compared with the data sets we 
supplied, and to an independently constructed data set 
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provided by Dr. Suresh Moolgavkar. The reconstructed 
Philadelphia total and cause-specific mortality data. and 
the weather and air pollution data were essentially identi
cal to those used in the original analysis (Schwartz and 
Dockery 1992a). One transcription error in the original data 
set was identified, in which the negative sign for dew point 
temperatures less than oaF had been lost for approximately 
20 out of 2,922 study days. Larger differences in total 
mortality and total suspended particulate (TSP)* concen
trations were found when the reconstructed data set was 
compared with that provided by Moolgavkar, although 
closer agreement was found for SOz concentrations. 

Most importantly, there was no evidence to indicate that 
differences between the reconstructed and original data set 
or between the original data set and the data compiled by 
Moolgavkar and colleagues were responsible for any differ
ences in the estimated associations. Thus, the suggestion 
that the observed associations are somehow attributable to 
erroneous or biased data has no basis. 

SENSITIVITY OF ANALYTIC METHODS 

The techniques used to analyze time-series data for daily 
mortality and air pollution have developed rapidly. Meth
ods reported in the literature now range from simple ordi
nary least-squares regression to the interatively weighted 
and filtered least-squares (IWFLS) method developed by 
Samet, Zeger, and Berhane and used in the reanalyses in 
Phase I. Several authors have suggested that observed asso
ciations may be sensitive to the specific analytic methods 
used (Li and Roth 1995; Moolgavkar et al. 1995; Styer et al. 
1 995; Thurston and Kinney 1995). Through analysis ofreal 
data, others have shown that particle-mortality associations 
are not very sensitive to the analytic methods (Schwartz 
1993; Kinney et al. 1995). 

The reanalyzes performed by Samet and associates using 
their newly developed IWFLS method support the latter 
position. The estimated associations between daily mortal
ity and particulate air pollution using the IWFLS method 
were very close, and in most cases essentially identical, to 
the original published estimates. The IWFLS corrected t 
statistics typically show that the statistical significance of 
the particle-mortality associations was underestimated in 
the original published results. 

• A list of abbreviations appears at the end of the New Analysts' report for 
your reference. 
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POTENTIAL CONFOUNDING BY 
OTHER VARIABLES 

Samet and associates partially address the possibility 
that the observed particle-mortality association is con
founded by weather, season, time trends, or sulfur dioxide 
(SOz), the other pollutant commonly found with TSP. Be
cause the sensitivity analyses relevant to possible con
founding variables were restricted to the Philadelphia data 
set, the results of this reanalysis are extremely limited. As 
Omenn (1993) has recently stated, "It is a tenet of the field 
[of epidemiology] that most studies provide only clues for 
further studies and that a pattern of consistent results from 
different studies is important in drawing any conclusion." 
Thus, although we can look for clues from the sensitivity 
analyses ofthis single data set. firm conclusions must come 
from a wider view of the literature. 

Adequate control of potential confounding by weather, 
season, and time has been recognized as important by all 
analysts. Associations between daily mortality and particu
late pollution have been observed using various approaches 
to control for weather, season. and long-term time trends in 
the different studies. Samet and associates observed that the 
associations between particulate air pollution and daily 
mortality in Philadelphia were not highly affected by the 
specific method used to control for weather variables. In the 
original analysis, the estimated effect ofTSP on daily mor
tality changed by only 0.5% when we compared models 
with and without control of weather and season, suggesting 
almost no confounding by these variables (Schwartz and 
Dockery 1992a). Similar lack of confounding by weather 
and season have been reported by other authors (Kinney et 
al. 1995). 

We may be unable to exclude absolutely some residual 
confounding by weather, season, or other factors as an 
explanation of the observed particulate-mortality associa
tions in any single study or data set. However, quantita
tively similar results have been reported in many cities 
across the United States and around the world; these cities 
include both warm and cold climates, both dry and humid 
locations, and areas where particulate concentrations peak 
both in summer and in winter (Schwartz 1994a). The con
sistency of these observations across such a wide range of 
climates and correlations between weather and particulate 
air pollution exposures is the most compelling evidence 
that these associations are not confounded by weather or 
seasonal factors. 

The specific hypothesis raised by the original studies 
stated that particulate air pollution is associated with in
creased daily mortality. When evaluating this specific hy
pothesis, other pollutants that are correlated with particulate 



Douglas W. Dockery, Joel Schwartz, and C. Arden Pope III 

pollution can be evaluated as potential confounders. Samet 
and associates specifically addressed the issue of whether 
the TSP-mortality association can be separated from the 
SOz-mortality association only in Philadelphia. In both the 
original Philadelphia analysis and the reanalysis, positive, 
statistically significant associations were found for mortal
ity and both TSP and SOz when each pollutant was consid
ered separately. When considered simultaneously in the 
original report (Schwartz and Dockery 1992a), the esti
mated mortality effects of both pollutants were reduced, but 
the estimated effect of SOz was reduced in magnitude more 
(57%) than the estimated effect ofTSP (24%). In the sensi
tivity analyses by Samet and associates, the separate esti
mated effects of both TSP and SOz are larger, and the 
estimated effect of SOz after controlling for TSP is larger 
than reported originally (see Table 11 of Samet et al., this 
volume). Samet and coworkers report that these differences 
are largely due to different adjustments for long-term time 
trends in mortality. When we examined the residuals of 
their model, we found that significant time trends remained 
within some years. Samet and associates report that when 
the time-squared term was added to their analysis. it was 
statistically significant and the SOz and TSP results were 
nearly the same as those originally reported. 

In the sensitivity analyses of the Philadelphia mortality 
data. the potential for confounding by SOz was evaluated 
by multiple regression analyses. An alternative and funda
mentally more attractive method for controlling for con
founding is by restriction. If the posited confounder is not 
present or does not vary, then it cannot confound the 
estimated association. Such conditions were found in two 
of the studies replicated by Samet and associates. those for 
Utah Valley (Pope et al. 1992) and Santa Clara. CA (Fairley 
1990). In both Utah Valley and Santa Clara, the concentra
tions of SOz were very low. Positive. statistically significant 
associations were found (and replicated) between daily 
(total and cause-specific) mortality and particulate air pol
lution measured by PMw in Utah Valley and by coefficient 
of haze in Santa Clara. The low concentrations of S02 in 
these communities substantially reduce the potential for 
confounding by this pollutant. We note that the New Ana
lysts confirmed that particulate pollution (as measured by 
PMw) was more strongly associated with mortality in St. 
Louis and Eastern Tennessee than was SOz. 

Although the case for SOz confounding of the particle
mortality association is weak, it will be argued that some 
other pollutant in the mixture. which could vary from city 
to city or season to season, may be confounding the parti
cle-mortality association. If such confounding is present, 
then an association between the confounder and short-term 
increase in mortality should be observable in all cities in 

the same way that the particle-mortality association has 
been observed. A more general. cross-study analysis of 
potential confounding is provided by Schwartz (1995) and 
Pope (1995). 

NONLINEARITIES AND SEASONAL 
MODIFICATION OF EFFECTS 

The original Philadelphia analyses estimated linear rela
tionships between air pollution and daily mortality. In the 
sensitivity analyses of these data, Samet and associates 
suggest that there is evidence of nonlinearities in the expo
sure-response relationships. We have also estimated non
parametric fits for TSP and SOz concentrations (mean of 
current and previous day). We included each of the pollut
ants separately in the model and controlled for weather, 
season. and time using the same parameterization as in the 
original analyses. The nonparametric fit for TSP (Figure 1) 

shows a monotonic increase in mortality across the full 
range ofTSP concentrations. The non parametric fit for SOz 
(Figure 2) suggests a somewhat less plausible exposure-re
sponse relationship with increased mortality with increas
ing SOz at low concentrations, but a decrease in mortality 
with increasing SOz at high concentrations above 46 ppb 
(95th percentile). 

Samet and coworkers also present nonparametric esti
mates of the TSP and SOz response functions (Figure 11 in 
Samet et al., this volume). with the important difference 
that they fit the TSP and SOz response functions simulta
neously. They see a pattern similar to the one we present 
here in Figures 1 and 2, although they show more deviation 
from linearity for both the TSP and SOz exposure-response 
functions. 

We agree with Samet and associates that the use of 
nonparametric techniques is a reasonable way to explore 
the shape of exposure-response relationships. However, we 
suggest caution not to over-interpret the results ofthe single 
Philadelphia study for several reasons. First, the confidence 
limits around the nonparametrically fitted exposure-re
sponse functions allow for inexplicable wobbles (or local 
nonlinearities). 

Second, neither TSP nor SOz may be the appropriate 
indicator of exposure to an unmeasured, true, risk factor. 
Either or both may serve as imperfect proxies for a more 
appropriate measure. When two imperfectly correlated 
measures of a third, true, risk factor are included in a 
nonparametric model, inexplicable local nonlinearities or 
apparent interactions, or both, are likely. An overall evalu
ation of the epidemiologic evidence suggests that fine par
ticles (PMz.sl. which are primarily from combustion 
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sources, are more closely associated with human health 
effects than coarser particles (Pope 1995 ). Wilson and asso
ciates (unpublished observations) report that daily vari
ation in particulate air pollution in Philadelphia, measured 
as either TSP or PMw. is largely determined by daily varia
tions in fine particle mass (PMz.sl concentrations. 

The instability of the observed season-specific associa
tions of mortality with TSP and SOz also may be reflecting 
differences in the season-specific relation between fine 
particles and these surrogate measures (TSP and S02). 

Seasonal differences in the estimated pollution effects also 
may be attributable to seasonal differences in ventilation, 
infiltration rates for particles, time spent outdoors, and 
other factors that might modify exposure. 
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Comments from Original Investigators 

SUMMARY 

Phase I of the Particle Epidemiology Evaluation Project 
had very limited objectives. The New Analysts showed that 
the observed results were not due to data errors, nor to the 
specific analytic method employed. They showed that the 
associations in Philadelphia were not due to confounding 
by weather, season, or time trends. They demonstrated a 
consistent association between particulate air pollution 
and increased daily mortality in the five replicated analy
ses. 

By limiting the sensitivity analyses in Phase I to only one 
data set, the study plan did not allow them to fully evaluate 
the potential effects of confounding by weather or season, 
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Figure 1. Plot of estimated noaparametric effects of TSP on log-relative rates of total mortality for Philadelphia, 1973-1980. Curve was estimated using the 
general additive model adjusted parametrically for time trend and weather, as in Schwartz and Dockery (1992a). Ticks along the bottom indicate the TSP 
concentrations on the days of observations. 
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nor to evaluate the ability to separate the effects of particu
late air pollution from those of SOz and other gaseous 
pollutants. We contend that the consistency of the particle
mortality associations across many communities is the 
most compelling evidence that exposure to particulate air 
pollution is an independent risk factor for mortality. The 
challenge for critics is to present an alternative explanation 
for the observed associations that is consistent with all the 
published studies of communities in which equivalent 
associations between particles and mortality or morbidity 
have been observed. 

The Phase I report lays to rest the suggestion that the 
originally reported associations between particulate air 
pollution and increased mortality may have been spurious 
in some sense. This report also helps to lay the groundwork 
for the much more interesting and more relevant examina-
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tion of the consistency and coherence of these associations 
across a range of communities and exposure scenarios. 
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