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EDITORIAL

Fare Well, and Welcome
Allen J. Wilcox

A journal’s personality is the product of its history, its format, its features. But more
than anything else, the editors’ quirks and qualities are what give a journal its distinct

flavor. For that reason, upcoming changes among our Editors deserve to be noted.
At the end of this year, Jon Samet and Dale Sandler will step down as Editors of

EPIDEMIOLOGY. It will be hard to see them go. When I took over the journal in 2001, I
looked for experienced people to help steer the journal. Jon and Dale had both served as
editors at other epidemiology journals. Both came with strong track records as researchers.
Jon’s expertise in air pollution and Dale’s experience with a wide spectrum of environ-
mental concerns fit well with the journal’s strong tradition in environmental epidemiology.
Perhaps most important, Dale and Jon both brought a broad perspective on epidemiologic
research and the diverse purposes it serves.

Over the past 6 years, the Editors (also including David Savitz and Sholom
Wacholder) have made their marks on the journal. An example is in the reexamination of
our major editorial policies. Our reconsideration of the issue of conflict-of-interest1 was
spurred by Jon’s concerns about abuses by the tobacco industry. Dale’s pragmatic
approach to the nuts-and-bolts of epidemiology shows in her editorial on study partici-
pation rates.2 Their contributions on our editorial pages, and even more behind the scenes,
have been key in making the journal what it is. I’m deeply grateful for their service.

Happily, David and Sholom will continue as Editors. They join me in welcoming
three new Editors to our ranks. With this issue, Miguel Hernán, Jay Kaufman, and
Stephanie London take on the duties of Editor. All are highly skilled practitioners of the
trade. (In fact, two are past winners of EPIDEMIOLOGY’S Rothman Prize for best paper
of the year.) All three have served on our Editorial Board. And all are younger than
the current crop of Editors. They bring the fresh perspective of a younger generation
of researchers.

The way scientists use the scientific literature is drastically changing, and journals
have to change too. For this reason in particular, I’m glad to have the advice of some who
are closer to the leading edge. The new Editors have lost no time in making suggestions.
At our first meeting, they asked why we arrange our table of contents under such drab
headings as “Original Report” rather than by subject matter of the papers. You can see the
result on our front cover. It’s a small change, but I take it as a refreshing sign of things
to come.

REFERENCES
1. Wilcox AJ. On Conflicts of Interest. Epidemiology. 2006;17:241.
2. Sandler DP. On revealing what we’d rather hide: the problem of describing study participation. Epidemiology.

2002;13:117.
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ORIGINAL ARTICLE

Trends in Air Pollution and Mortality
An Approach to the Assessment of Unmeasured Confounding

Holly Janes, Francesca Dominici, and Scott L. Zeger

Abstract: We propose a method for diagnosing confounding bias
under a model that links a spatially and temporally varying exposure
and health outcome. We decompose the association into orthogonal
components, corresponding to distinct spatial and temporal scales of
variation. If the model fully controls for confounding, the exposure
effect estimates should be equal at the different temporal and spatial
scales. We show that the overall exposure effect estimate is a
weighted average of the scale-specific exposure effect estimates.

We use this approach to estimate the association between monthly
averages of fine particles (PM2.5) over the preceding 12 months and
monthly mortality rates in 113 US counties from 2000 to 2002. We
decompose the association between PM2.5 and mortality into 2 com-
ponents: (1) the association between “national trends” in PM2.5 and
mortality; and (2) the association between “local trends,” defined as
county-specific deviations from national trends. This second component
provides evidence as to whether counties having steeper declines in
PM2.5 also have steeper declines in mortality relative to their national
trends.

We find that the exposure effect estimates are different at these
2 spatiotemporal scales, which raises concerns about confounding
bias. We believe that the association between trends in PM2.5 and
mortality at the national scale is more likely to be confounded than
is the association between trends in PM2.5 and mortality at the local
scale. If the association at the national scale is set aside, there is little
evidence of an association between 12-month exposure to PM2.5 and
mortality.

(Epidemiology 2007;18: 416–423)

In environmental epidemiology, we often conduct observa-
tional studies in which exposures to environmental agents

cannot be controlled by the investigator. Inference about the
health effects of the exposures is generally drawn from a
statistical model that controls for potential confounders by
including these factors as covariates. Confounding bias caused
by omitting important confounders from the regression model

is the most common threat to the validity of the exposure
effect estimates.1–7

This paper illustrates an approach to diagnosing con-
founding bias under a causal model linking an environmental
exposure and health outcome, estimated using spatiotemporal
data. To test the model, we decompose the association be-
tween the exposure and health outcome into orthogonal
components, corresponding to distinct scales of spatial and
temporal variation. If the model adequately controls for
confounding, then the exposure effect estimates should be
similar at the different spatial and temporal scales. We show
that the overall exposure effect estimate is a weighted average
of the scale-specific exposure effect estimates. Differences
among the scale-specific estimates indicate confounding by
omitted covariates.

We illustrate our approach in a study of the mortality
effect of 12-month exposure to fine particulate matter (PM2.5).
We develop a log-linear regression model for multisite time-
series data to estimate the association between month-to-
month variation in mortality rates and month-to-month vari-
ation in average PM2.5 over the preceding year in 113 US
counties and for the period 2000–2002. We decompose the
association between PM2.5 and mortality into 2 components:
(1) the association between “national trends” in PM2.5 and
mortality; and (2) the association between county-specific
deviations from the national trends, that is, between “local
trends.” This second component provides evidence as to
whether counties having steeper declines in PM2.5 also have
steeper declines in mortality with respect to their national
trends.

If monthly mortality rates are caused by average PM2.5

concentration in the previous year, the associations between
the national and local trends should be the same, absent
confounding and measurement error. Our proposed approach
allows us to assess the validity of this causal hypothesis.

We hypothesize that the association between the na-
tional trends in PM2.5 and mortality is likely to be confounded
by slowly time-varying factors, such as changes in industrial
activities and the economy, improving health care, and large
scale weather events.8–11 Our approach can be used to focus
on the component of association that is least likely to be
confounded, the association between the local trends.

The statistical framework proposed in this paper draws
from both cohort studies of long-term exposure12–15 and
multisite time-series studies of short-term exposure.16–23 As
in cohort studies, we focus on long-term average exposure
(averaged over the previous year). As in time-series studies,
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we estimate associations between temporal changes in expo-
sure and outcome within counties, to guard against bias due
to county-specific characteristics that do not vary with time.

METHODS
We construct mortality counts (Yt

c) and number of
people at risk (Nt

c) for each county c and month t for 6 strata
(2 sexes and 3 age groups: 65–74 years; 75–84 years; and
�85 years), using Medicare enrollment files. Our study
population includes 8.2 million Medicare enrollees living on
average 6 miles from an EPA PM2.5 monitor.

The locations of the 113 US counties included in the
study are shown in Figure 1. The counties are categorized
into 7 geographic regions. The regions are based on our
previous national multisite time-series studies of PM10 and
mortality and of PM2.5 and hospital admissions.16,24 These
counties have nearly complete PM2.5 data (no gaps larger than
3 weeks) for the period over which exposure was averaged, 1999
to 2002.

Estimating County-Specific Annual Average
PM2.5

For each county and each month, we calculate the
average level of PM2.5 over the preceding year (denoted by
PMt

c) as follows. First, we estimate the smooth trend in PM2.5

using a linear regression model with outcome monitor-spe-
cific daily PM2.5 level, and as predictor a natural cubic spline
of time with 16 degrees of freedom. Second, for each month,
we calculate the average PM2.5 over the previous year using
the fitted values from the regression model described above.
This modeled PM2.5 allows us to impute small gaps of
missing data when calculating annual averages. For counties
with multiple monitors, we use the one with the most com-
plete data, that is, the one with the smallest maximum and
average gap in observations and with the longest observation
period. We use data from a single monitor rather than from all
the monitors within a county because averaging ambient
PM2.5 concentrations across monitors that are online for
varying periods of time might induce spurious trends.

Measurement Error in County-Specific Annual
Average PM2.5 Trends

To investigate whether the observed variation in PMt
c

trends across counties represents true between-county vari-
ability in long-term exposure, rather than differences between
monitors within a county (“measurement error”), we perform
the following analysis. First, for each monitor, we linearly
regress PMt

c on t and estimate the slope. Here, we use all
monitors with at least 80% of the data available and with no
gaps longer than 1 month. Second, we fit a 1-way random
effects model to the monitor-specific estimated slopes and
calculate: (1) the variability of the slopes within county
(measurement error) (�w

2); (2) the variability of the slopes
between counties (�b

2); and (3) the intraclass correlation
coefficient, � � �b

2/��b
2 � �w

2� .

Analysis of Variance of County-Specific Annual
Average PM2.5 Trends

To quantify the variability of PMt
c in space and time,

we conduct the following analysis of variance. We fit a linear
model with PMt

c as the dependent variable, and with the
following predictors: (1) county-specific intercepts (the spa-
tial dimension); (2) a natural cubic spline of month with 16
degrees of freedom (the time dimension); and (3) an interac-
tion between the county-specific indicators and the smooth
function of time (the space-by-time interaction).

Causal Model for Annual Average PM2.5 and
Mortality

Within each age–sex stratum, we consider the follow-
ing causal model for the health effects of air pollution:

log E(Yt
c) � log Nt

c � �0
c � �1PMt

c. (1)

The parameters �0
c are county-specific intercepts, which are

included in the model to control for unmeasured county-
specific characteristics that do not vary with time. The pa-
rameter �1 denotes the association between month-to-month
variation in PMt

c and month-to-month variation in mortality.
Estimates from model (1) are likely to be confounded

by factors that cause trends in PM2.5 and mortality. Examples
of such confounders are policy changes affecting the econ-
omy, industrial activity, and health care and large scale
weather events.8–11 A popular approach to controlling for
unmeasured temporal confounding at the national level is to
add to the model a smooth function of time:

log E�Yt
c) � log Nt

c � �0
c � �1PMt

c � s�t; d�, (2)

where s(t; d) is a smooth function of time modeled using a
natural cubic spline with d degrees of freedom. We empha-
size that this model controls for temporal trends at the
national level, since s(t; d) is common to all counties. The
parameters �0

c are county-specific intercepts. This model is
equivalent to the following:

log E�Yt
c) � log Nt

c

� �0
c � �1PM̂t � �2(PMt

c � PM̂t) � s * (t; d � 1). (3)
FIGURE 1. The location of the 113 counties used in the
analysis. Each region is plotted using a different symbol.
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The term PM̂t denotes the national trend in annual average
PM2.5, calculated as the fitted values of a linear regression
model having PMt

c as dependent variable (for all counties)
and a natural cubic spline of time with d degrees of freedom
(s(t; d)) as predictor. The term s*(t; d � 1) is a smooth
function of time modeled using a natural cubic with d � 1
degrees of freedom, orthogonal to PM̂t and PMt

c.
Models (2) and (3) yield the same predicted values. The

only difference between the 2 models is in parametrization:
model (3) takes the smooth function s(t; d) in model (2),
which is represented by a set of d basis functions, and breaks
it into: (1) PM̂t , which is a linear combination of the d basis
functions; and (2) the remaining smooth function, s * (t; d �
1). The parameters �2 in model (3) and �1 in model (2) are
exactly the same.

Model (3) allows us to estimate the association between
PM2.5 and mortality trends at 2 different scales: national and
local. The parameter �1 denotes the association between
month-to-month variation in the national trend in PM̂t

c and
month-to-month variation in the national trend in mortality
rates. The parameter �2 denotes the association between
month-to-month variation in county-specific deviations in
PMt

c from the national trend, and month-to-month variation
in county-specific deviations in mortality from the national
trend. In other words, �2 provides evidence as to whether
counties having steeper declines in PM̂t

c also have steeper
declines in mortality relative to the national trend.

If model (1) describes the causal link between annual
average PM2.5 and mortality, then the estimates of �1 and �2
in model (3) should be equal, absent confounding and mea-
surement error. Therefore, a comparison of �̂1 of �̂2 provides
important evidence on the causal hypothesis formulated in
model (1).

In model (3), the term PM̂t controls for the national
trend in annual average PM2.5, and s*(t;d � 1) controls for
the remaining national trend in mortality. This implies that
the effect of PM̂t (�1), which represents the association be-
tween trends in PM2.5 and mortality at the national scale, is
potentially confounded by time-varying factors such as
changes in the economy and health care. We focus on �2, the
association between trends in PM2.5 and mortality at the local
scale, because we believe that this exposure effect is less
likely to be confounded. To bias the estimation of �2, a con-
founder must cause county-specific deviations in PMt

c and mor-
tality from their national trends. An example of such a factor is
“health consciousness,” a characteristic of counties that relates to
their aggressiveness in implementing national air pollution reg-
ulatory standards and in improving health care.

It can be shown that the PM2.5-mortality association as
measured by model (1) is a composite of 2 pieces of informa-
tion:

�̂1 � w�̂1 � �1 � w��̂2, (4)

where �̂1 and �̂2 are the estimated coefficients of the national
and local PM2.5 trends from model (3), w � (1/V1)/(1/V1 �
1/V2), and V1 and V2 are the statistical variances of �̂1 and �̂2.

That is, �̂1 is a weighted average of the association between
the national PM2.5 and mortality trends and the association
between the local PM2.5 and mortality trends.

We also consider a pooled model that combines infor-
mation across age–sex strata and allows for stratum- and
region-specific smooth functions of time:

log E�Yt
c� � log Nt

c � 	0
cs � 	1PMt

c � srs�t; d�,

(5)

where 	0
cs are county and age–sex stratum-specific intercepts,

srs(t;d) is a stratum- and region-specific smooth function of
time modeled using a natural cubic spline with d degrees of
freedom, and 	1 is the PM2.5 effect common to all age–sex
strata. When d � 0, model (4) is an age–sex stratum pooled
version of model (1), and 	1 is the association between PM2.5
and mortality without control for trends. When d � 0, model
(4) is a pooled version of model (2), or equivalently of model
(3). The parameter 	1 is the association between month-to-
month deviations in PM2.5 and mortality from their respective
stratum- and region-specific trends, ie, the association be-
tween local trends.

In all log-linear models, we use a negative binomial
variance model,25

Var�Yt
c� � E�Yt

c��1 � E�Yt
c�/
�.

We fit the models by iterating between fitting the log-linear
model for fixed 
, and estimating 
 using a method of
moments estimator.26

We report results for all models when d � 16 degrees
of freedom are used to model the national trends over 3 years.

Sensitivity Analyses
We assess the sensitivity of the results to different

choices of d, from d � 0 to d � 32. We vary d on the log2
scale so as to maintain the same knots as d increases. We also
calculate robust standard errors,27 which account for residual
autocorrelation in monthly mortality rates. Robust and mod-
el-based standard errors are similar, and hence we report only

TABLE 1. Variability in PMt
c in Space, Time, and Space-by-

Time Dimensions

% Variance % of Temporal Variability

Space 90.90 —

Time 3.90 42.92

Space � time 5.19 57.08

Residual �0.01 —

Total 100.00 —

This is based on a linear model with dependent variable PMt
c and independent

variables: 1) county-specific intercepts (space dimension); 2) a smooth function of time
modelled as a natural cubic spline of month with 16 degrees of freedom (time
dimension); and 3) an interaction between the county-specific indicators and the smooth
function of time (space-by-time interaction). The first column shows the percent of the
total variance of PMt

c attributable to each of the 3 components, and the second column
shows the percent of the total temporal variation in PMt

c attributable to the “time” and
the “space-by-time” components.
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the results using model-based standard errors. We also ex-
plore the sensitivity of our results to the time period over
which PM2.5 is averaged. We fit the same models, using
average PM2.5 over the previous 2 years as exposure.

RESULTS
In the measurement error analysis of PM2.5 trends, we

find that 80% of the total variability in monitor-specific trends
is attributable to variability among counties.

Table 1 summarizes the results of the analysis of variance
of PMt

c. We find that 91% of the total variance in PMt
c can be

attributed to the space component, and 5% to the space-by-time
component. Note that the space-by-time variance of PMt

c, which
provides the main source of information for estimating �2 in
model (3), is larger than the variance due to the time component,
and accounts for 57% of the temporal variance.

Figure 2A displays regional and national linear trends
in annual average PM2.5 concentrations. We estimate these
trends by linearly regressing PMt

c on t. Figure 2B shows
regional and national trends in log mortality rates. These
trends are estimated by log-linearly regressing Yt

c on t with
offset Nt

c. The log-linear models are fit separately for each
age–sex stratum, and the fitted values are averaged across
strata. Annual average PM2.5 concentrations are decreasing
over time in all regions except in the Northeast and Central
regions. Mortality rates are decreasing in all regions. This
information is used to estimate the association between the
national trends in PM2.5 and mortality in model (3).

Figure 3A shows how county-specific linear trends in
PMt

c deviate from the national linear trend. County-specific
PMt

c trends are calculated by linearly regressing PMt
c on t.

The deviations are the differences between these county-

specific trends and the national trend. The deviations are
centered at zero to draw attention to the trends, rather than to
the levels. Figure 3B shows how county-specific linear log
mortality rate trends deviate from the national linear trend.
For each county and age–sex stratum, we calculate the trend
in the log mortality rate by log-linearly regressing Yt

c on t
with offset Nt

c . Deviations are the differences between the
county- and stratum-specific trends and the national stratum-
specific trend. The deviations are centered at zero and aver-
aged across age–sex strata. Three counties with very different
trends—Los Angeles county (CA), Peoria county (IL), and
De Kalb county (GA)—are identified. This plot examines
whether counties in which PM2.5 is decreasing faster than the
national trend also have mortality rates decreasing faster than
the national trend. In LA county, for example, PM2.5 is increas-
ing relative to the national trend, but mortality is decreasing
relative to the national trend. Observe the substantial variability
in the county-specific deviations from the national trend. This
information is used to estimate the association between local
trends in PM2.5 and mortality in model (3).

Figure 4 shows a scatterplot of the slopes estimated by
linearly regressing PMt

c on t versus the slopes estimated by
log-linearly regressing Yt

c on t with offset Nt
c . The mortality rate

slopes are averaged across age–sex strata. Los Angeles county
(CA), Peoria county (IL), and De Kalb county (GA) are again
highlighted. The median PM2.5 slope is �0.048 (interquartile
range 	IQR
 � 0.056), which corresponds to an average de-
crease of 0.58 �g/m3 PM2.5 concentration per year (12 � 0.048 �
0.58). The median log mortality rate slope is �2.112 � 10�3

(IQR � 1.904 � 10�3), which corresponds to a 2.50% decrease
in the mortality rate each year on average (e12 � �2.112 � 10�3

�
0.9750). We evaluate the association between the PM2.5 slopes

FIGURE 2. Regional and national linear trends in (A) PMt
c and (B) log mortality rates. Trends in PMt

c are calculated based on linear
models, and log mortality rate trends are calculated using log-linear models. These mortality trends are then averaged across
age–sex strata.
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and the mortality slopes using a weighted linear regression
model, where the weights are the inverse variances of the
mortality slope estimates. The regression line is superimposed.
There is no evidence of a positive association between the rates

of change in PM2.5 and log mortality rates (slope estimate �
�0.001; 95% CI � �0.006 to 0.003).

Table 2 displays the results of models (1) and (3),
separately for each age–sex stratum. We report results for
model (3) when d � 16, but note that any d � 8 provides
qualitatively similar results. The first column contains esti-
mates of �1 from model (1), and the second and third columns
show estimates of �1 and �2 from model (3). As expected
from Figure 2, we find a strong evidence of an association
between national trends in PM2.5 and mortality (second col-
umn). However, there is no evidence of an association be-
tween local trends in any of the strata (third column). This is
consistent with the data displayed in Figure 3 and the explor-
atory analysis shown in Figure 4.

The first column of Table 2 contains results from model
(1). These estimates quantify the association between annual
average PM2.5 and mortality without control for temporal con-
founding. In each age–sex stratum, �̂1 lies between �̂1 (second
column) and �̂2 (third column). This follows from the weighted
average result, equation (4). Observe that the positive associa-
tion between PM2.5 and mortality estimated based on model (1)
(�1) is a combination of a very strong positive association
between national trends (�1) and a null association between local
trends (�2). The large difference between these 2 effects (�1 and
�2) suggests that they should not be combined in a weighted
average. In the fourth column of Table 2, we show the weight
that is given to the national trend component [�1/V1�/�1/V1

� 1/V2�]. We find that the national trend component accounts
for about 40% of the information contained in �1.

Figure 5 shows estimates of the association between
annual average PM2.5 and mortality based on the pooled
model (5), as a function of the degrees of freedom allowed in
each stratum- and region-specific trend term per year. When

FIGURE 4. County-specific linear rates of change in PMt
c versus

county-specific linear rates of change in mortality. The mortality
trends are averaged across age–sex strata. A weighted linear
regression model is overlaid, where the weights are the inverse
variances of the mortality slope estimates. Three counties, Los
Angeles, CA (diamond), De Kalb County, GA (triangle), and
Peoria County, IL (circle), are highlighted.

FIGURE 3. County-specific deviations in (A) linear PMt
c trends and (B) linear log mortality rate trends from their respective national linear

trends. The mortality deviations are averages of age–sex stratum-specific deviations from their respective national trends. Three
counties, Los Angeles, CA (dotted line), De Kalb County, GA (dashed line), and Peoria County, IL (solid line) counties, are highlighted.
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d � 0, we estimate the association without control for
temporal confounding. We estimate that a 1 �g/m3 increase
in PM2.5 is associated with an 0.86% increase in mortality
(95% CI � 0.64% to 1.09%). This corresponds to an 8.96%
increase in mortality for each 10 �g/m3 increase in PM2.5,
which is remarkably similar to the PM2.5 effect estimated in
previous cohort studies.12–14 However, as d � 0 (that is, as
we start to control for smooth trends in PM2.5 and mortality),
the evidence changes. For d � 8, we find no evidence of an
association between local trends in PM2.5 and mortality.

Figure 5 also displays the results of model (4) sepa-
rately for each year. Again if there is a causal association
between exposure and outcome, the estimated association

should be similar in different subsets of the data. When d �
0, the 3 year-specific PM2.5 effects are very different, but all
statistically significant. The change in mortality associated
with a 1 �g/m3 increase in PM2.5 ranges from a 4.02%
decrease in 2001 (95% CI � 3.25% to 4.79%) to a 5.30%
increase in 2002 (95% CI � 4.41% to 6.19%). As d increases,
the 3 year-specific estimates become more similar, and settle
around a null effect.

We explore the sensitivity of our results to the time
period over which PM2.5 concentrations are averaged, by
using PM2.5 averaged over the previous 2 years as exposure
(and using mortality data for 2001 and 2002). The results of
the age–sex stratum-specific models are shown in Table 3.
For model (3), using now just 2 years (24 months) of
mortality data, we report results when d � 8 degrees of
freedom are used to model the national trends. Results are
qualitatively similar for all d � 4. The results shown in Table
3 are qualitatively similar to those in Table 2. We find an
association between national trends for most strata, but no
association between local trends.

DISCUSSION
This paper illustrates an approach to the assessment of

confounding bias in observational studies where environmen-
tal exposures and health outcomes vary in time and space. We
introduce a causal model for the association between monthly
variations in annual average PM2.5 and mortality rates. We
show how this association can be decomposed into 2 com-
ponents: the association between national trends in PM2.5 and
mortality, and the association between local trends in PM2.5
and mortality. We find a very large association at the national
scale, and no evidence of association at the local scale. We
believe that the national trend component is more likely to be
confounded than the local trend component. If we set aside
the association between national trends, we are left with no
evidence of an effect of PM2.5 on mortality.

Chay et al9 estimated the association between trends in
air pollution and adult mortality in the United States using an
instrumental-variables approach. Following the Clean Air
Act of 1970, counties were designated as “attainment” or

FIGURE 5. The percent increase in the mortality rate associated
with a 1 �g/m3 increase in PM2.5 based on model (5), as a
function of the degrees of freedom per year. Confidence
intervals are superimposed. Estimates are also shown sepa-
rately for each year.

TABLE 2. Point Estimates and 95% CIs for Long-Term Effects of PM2.5 on Mortality, by Age-Sex Stratum

Age (yrs) Sex

% Change in Mortality
Rate per �g/m3

Increase in PM2.5 (�1)
(95% CI)

% Change in Mortality
Rate per �g/m3

Increase in PM2.5

National Trend (�1)
(95% CI)

% Change in Mortality
Rate per �g/m3

Increase in PM2.5

Local Trend (�2)
(95% CI)

% Information
From National Trend

(1/V1)/(1/V1�1/V2)

65–74 Men 1.48 (0.93 to 2.03) 3.55 (2.77 to 4.34) 0.04 (�0.58 to 0.67) 40.66

Women 0.83 (0.24 to 1.43) 1.97 (1.12 to 2.83) �0.03 (�0.71 to 0.66) 40.15

75–84 Men 0.85 (0.34 to 1.35) 2.48 (1.83 to 3.14) �0.34 (�0.87 to 0.19) 40.87

Women 0.77 (0.28 to 1.27) 2.29 (1.66 to 2.93) �0.31 (�0.82 to 0.21) 40.77

85� Men 0.70 (0.03 to 1.38) 1.38 (0.52 to 2.26) � 0.01 (�0.71 to 0.73) 41.26

Women 0.59 (0.05 to 1.12) 1.65 (1.01 to 2.29) �0.22 (�0.74 to 0.31) 41.19

The percent change in the mortality rate per 1 �g/m3 increase in PM2.5 is shown. The first 3 columns summarize the effects of PMt
c (from model (1)), PM̂t (from model (3)),

and PMt
c � PM̂t (from model (3)), respectively. Estimates in the first column are approximately a weighted average of estimates in the second and third columns, according to

the weighted average result (equation (4)). The fourth column shows the weight that is given to the national trend component.
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“nonattainment” according to their levels of total suspended
particulates. These authors compared changes in total sus-
pended particulates levels and mortality rates across attain-
ment and nonattainment counties. They found that, while
nonattainment status was associated with large reductions in
total suspended particulates in the years 1971–1972, nonat-
tainment status was not significantly associated with reduc-
tions in adult or elderly mortality.

In another recent paper, Laden and colleagues28 used
extended follow-up data from the Harvard Six Cities Study14

to examine trends in average PM2.5 and mortality rates in 6
US cities. They partitioned time into 2 periods, 1974–1989
and 1990–1998. Controlling for average PM2.5 in the first
time period, they found that a reduction in average PM2.5 in
the second period was associated with a reduction in the
mortality rate.

In our analysis, we define long-term exposure as aver-
age PM2.5 over the preceding year. National monitoring data
for PM2.5 started in 1999 and therefore we do not have data
to estimate exposures for longer time periods. Our sensitivity
analysis suggests that, when a different exposure averaging
period is used, results do not change qualitatively. Determin-
ing the appropriate long-term PM2.5 exposure measure is an
important scientific question that deserves further research.

Our analysis focuses on 113 counties with relatively
complete PM2.5 data over the study period, and uses data from
the best single monitor for each county. We conducted the same
analysis using a larger set of 250 US counties (meeting less strict
PM2.5 measurement criteria) and using as exposure the annual
average PM2.5 concentration averaged across all monitors in
each county. This produced very similar results.

In these data, we estimate that 20% of the total vari-
ability in PM2.5 trends is within-county variability (measure-
ment error). Using a regression calibration correction,29 we
estimate that our PM2.5 local trends coefficient is attenuated
by 20% (1 � 0.80, where 0.80 is the intraclass correlation).
In contrast, we assume that the national trend in PM2.5 is
estimated without error, since it is based on data from 113

counties. We conclude that the attenuation of the local trends
coefficient is not enough to explain the discrepancy between
the effects of the local and national PM2.5 trends.

Our study, as with most air pollution studies, is poten-
tially affected by various sources of bias. This bias comes
from 3 sources. First, we use county-level exposure to repre-
sent individual-level exposure. Previous studies have shown that
this tends to bias exposure effects towards the null.30,31 The
second source of bias is due to the lack of information on
area-level time-varying confounders that affect both PM2.5 and
mortality trends. We control for such factors by including a
smooth function of time in the regression models. The third
source of bias is due to the lack of adjustment for individual-
level covariates beyond age and sex. However, previous cohort
studies have found the air pollution-mortality association to be
robust to the adjustment for both time-varying and time-invari-
ant individual-level confounders.32

Our proposed methods can be used more generally to
diagnose unmeasured confounding in observational studies
where the exposure and outcome vary in time and space.
We decompose the exposure variable into orthogonal com-
ponents and allow each component to have a unique effect
on the outcome. If there is a causal link between exposure
and outcome, then the exposure components must affect
the outcome equally, assuming there is no confounding or
covariate measurement error. Therefore, differences in
these scale-specific effects are a useful diagnostic tool for
assessing confounding and its magnitude. If the exposure
effects differ, we suggest focusing on the exposure effects
that are thought least likely to be confounded. A priori
knowledge about the potential confounders can guide the
partitioning: the least confounded exposure effects are
those corresponding to scales of variation at which the
confounders are approximately constant.
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COMMENTARY

Confounding in Air Pollution Epidemiology
The Broader Context

C. Arden Pope, III* and Richard T. Burnett†

Abstract: Recent research appropriately suggests that caution is
warranted when interpreting long-term trends of improving air
quality and trends in reduced mortality rates as causal because of
concerns about confounding. The use of long-term time trends as the
primary source of exposure variability, however, has been avoided
in most air pollution epidemiology studies. Multiple studies, using
different study designs that exploit various temporal and spatial
dimensions of exposure variability, have observed reasonably con-
sistent and coherent associations between particulate air pollution
and cardiopulmonary health. It’s possible that these air pollution
studies have experienced “epidemiological bad luck” with multiple
confounders that are inadequately controlled for and coincidentally
cause spurious correlations that are coherent across the different
study designs. To be consistent with the overall epidemiologic
results, these confounders must correlate with pollution across
various dimensions of time and space and be stronger risk factors for
cardiopulmonary disease than for other disease. The more likely
explanation of recent air pollution epidemiology is that air pollution,
especially fine particulate and related pollution, has measurable
effects on cardiopulmonary health.

(Epidemiology 2007;18: 424–426)

Epidemiologic studies of air pollution are attempts to ex-
ploit various dimensions of exposure variability that are

observable in real-world settings. Because all risk factors
cannot be explicitly controlled for by design and because they
may be correlated with air pollution, potential confounding is
a prominent concern. Statistical models are commonly used
in attempts to isolate or estimate associations between health
endpoints and air pollution while “controlling” for other risk
factors that are potential confounders. Nevertheless, the elim-
ination of residual confounding is never guaranteed because
of the potential for inadequate modeling and because of
unmeasured, poorly measured, or even unknown risk factors.

In an article published in this issue of EPIDEMIOLOGY, Janes et
al1 propose an approach to assess unmeasured confounding in
a study of time trends in air pollution and mortality. We
discuss here the issues of potential confounding in epidemi-
ologic studies of air pollution that use different dimensions of
exposure variability, and we comment on the contribution of
the Janes et al1 approach in a broader context.

STUDIES OF SHORT-TERM
TEMPORAL VARIABILITY

In air pollution epidemiology, the most exploited
dimension of exposure variability is short-term temporal
variability. Early studies of severe air pollution episodes in
Meuse Valley (Belgium),2 Donora (PA),3 and London (En-
gland), observed dramatic, large increases in deaths and
illness due to respiratory and cardiovascular disease asso-
ciated with several days of extremely high pollution.
However, even in these studies, confounding has been a
concern. For example, elevated mortality rates persisted
for weeks after the 1952 London episode, but the potential
confounding role of an influenza epidemic is still being
debated over 50 years later.4,5

Short-term temporal variability has also been analyzed in
hundreds of daily time-series studies of mortality counts, hospi-
talizations, and other health endpoints.6 These studies are un-
likely to be confounded by cigarette smoking, socioeconomic
factors, or other factors that do not change day-to-day in corre-
lation with air pollution. Associations of day-to-day changes in
air pollution with respiratory and cardiovascular mortality
counts have been estimated using statistical models that control
for time-dependent variables such as long-term time trends,
seasonality, and weather.6 Largely motivated by attempts to
minimize the potential for confounding, increasingly rigorous
statistical modeling techniques have been developed7–9 and
large multicity daily time-series studies have been con-
ducted.10,11 Another methodologic innovation, the case-cross-
over design, also has been used to evaluate effects of short-term
pollution exposure by structuring the analysis so that potential
confounders such as day of week, seasonality, and other time-
dependent variables are controlled for by design rather than by
statistical modeling.12,13 There continue to be concerns that
residual confounding is responsible for the small estimated
effects of short-term air pollution exposure. There is also con-
cern that, for at least some of the studies, the effect estimates are
biased downward due to overly aggressive fitting of time trends
and control for multiple time-dependent variables.
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STUDIES OF LONGER-TERM
TEMPORAL VARIABILITY

Epidemiologic studies of air pollution can also attempt to
evaluate longer-term temporal variability in exposure. Examples
include several studies of natural experiments or interventions.
Abrupt reductions in air pollution that accompanied a 13-month
closure of a steel mill in Utah Valley were associated with
reductions in hospitalizations and mortality.14 Reductions in
respiratory and cardiovascular deaths coincided with substantial
reductions in air pollution resulting from a ban of the use of coal
burning in Dublin, Ireland.15 Reductions in seasonal mortality
were observed in the first 12 months after restrictions on sulfur
content of fuel in Hong Kong.16 Small but statistically signifi-
cant drops in mortality were associated with an 8-month copper-
smelter strike that resulted in sharp reductions in sulfate partic-
ulate matter and related air pollutants across 4 Southwest
states—even while controlling for time trends, mortality in
bordering states, and nation-wide mortality counts for influenza/
pneumonia, cardiovascular, and other respiratory deaths.17

These studies evaluated the effects of temporal changes in
pollution over a period of 8 or more months, but they tried to
minimize confounding by restricting the analysis to well-defined
natural experiments or interventions while controlling for long-
term time trends and other potential confounders.

STUDIES OF LONG-TERM SPATIAL VARIABILITY
Another important source of exposure variability is spatial

(or cross-sectional), such as differences in long-term (1 year or
more) average ambient concentrations across metropolitan areas
or differences in average concentrations across smaller commu-
nities or neighborhoods within metropolitan areas. Population-
based cross-sectional studies in the 1970s and 1980s found that
mortality rates across U.S. metropolitan areas were associated
with fine-particulate-matter air pollution.18,19 Although investi-
gators attempted to control for population-average differences in
various demographic, socioeconomic, and other ecologic vari-
ables, these studies were largely discounted because of the
inability to control for individual risk factors such as cigarette
smoking and related concerns about confounding.

Several prospective cohort studies have reported that risks
of cardiopulmonary mortality are strongly associated with spa-
tial differences in long-term average concentrations of fine
particulate air pollution (PM2.5) even after controlling for ciga-
rette smoking and numerous other individual risk factors.20–26

Extensive reanalyses22 and extended analyses23–25 of early pro-
spective cohort studies demonstrated that the PM2.5-associated
mortality risk estimates were remarkably robust to various mod-
eling specifications and to control for individual risk factors
(including age, sex, race, smoking, alcohol use, marital status,
education, body mass, occupational exposures, and diet). Even
analyses that included spatial smoothing23 or ecologic socioeco-
nomic variables22,24 found little evidence of spatial or “contex-
tual neighborhood” confounding.

JANES ET AL1 STUDY OF LONG-TERM
TIME TRENDS

In this issue of EPIDEMIOLOGY, Janes et al1 report a
unique and interesting study design that attempts to evaluate

longer-term time trends in mortality and air pollution. They
conduct a 3-year (2000–2002) monthly time-series regression
analysis using data from U.S. Medicare enrollment files to
estimate the association between monthly mortality rates for
U.S. counties and average PM2.5 concentrations for the pre-
vious 12 months. They estimate a regression model that
includes a smooth function of time, county-specific indica-
tors, and 2 measures of air pollution that represent different
scale components of variation—the national trend in annual
average PM2.5, and local trends defined as county-specific
deviations in PM2.5 from national trends. They find associa-
tions of PM2.5 with mortality at the national scale, but no
association at the local scale. They contend that the mortality
association with long-term time trends are more likely to be
confounded at the national scale than on the local scale and
suggest that if the “association with national trends is set
aside, there is little evidence of an association between
long-term exposure to PM2.5 and mortality.”

We agree with the authors that it is difficult to make
strong statistical inferences regarding trends in death rates
that reflect long-term trends in pollution because of potential
confounding of other slowly time-varying factors. Janes and
et al1 present a clever approach, but from the perspective of
the broader literature, their conclusions are overstated. They
suggest that the statistical framework of their study draws
from both cohort studies of long-term exposure and multisite
time-series studies of short-term exposure. Unfortunately their
analysis tells us little or nothing about unmeasured confounding
in those and related studies because the methodology of Janes et
al1 largely excludes the sources of variability that are exploited
in those other studies. By using monthly mortality counts and
lagged 12-month average pollution concentrations, the authors
eliminate the opportunity to exploit short-term or day-to-day
variability. Also, by including county-specific indicators, they
eliminate the opportunity to exploit long-term average spatial
variability—which makes up the large majority of the expo-
sure variability in this data set and which serves as the basis
for most of the epidemiologic studies of long-term air pollu-
tion exposure. If data were available, it might be possible to
analyze much longer time series to increase exposure varia-
tion in time trends, but the potential for confounding over
time would likely be even greater.

In at least one important way, the analysis of Janes et
al1 is akin to the natural experiment or intervention studies.
They are evaluating temporal changes in exposure over time
periods of several months to a year or so. However, the
natural experiment or intervention studies are strengthened by
the fact that they can exploit abrupt changes in pollution
exposure that is well-defined in both time and space.

It is interesting to note that Janes and colleagues, in
another analysis,27 have used the same 2000–2002 U.S. Medi-
care mortality data and county-level PM2.5 data for the same
time period to conduct a cross-sectional analysis that exploited
the long-term average spatial variability in the data. They con-
ducted the analysis for the same counties as previous cohort
studies and found similar or even larger associations of PM2.5
and mortality. Although they are using basically the same
data, it is not surprising, that their paper, reported in this issue
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of EPIDEMIOLOGY, observes less robust results. Their method-
ology eliminated the long-term average spatial variability as
well as the short-term daily variability, and, given that they
have only a 3-year study period with only small changes in air
pollution, they have very little exposure variability to exploit.
Such conditions are clearly not ideal for robust epidemiolog-
ical studies.

CONCLUSIONS
We must be cautious about interpreting long-term trends

of improving air quality and trends in reduced mortality rates as
causal. However, the overall epidemiologic evidence for non-
spurious associations between cardiopulmonary health and air
pollution is much broader than addressed in Janes et al.1 In fact,
because of concerns about confounding by other slowly time-
varying factors, the use of long-term time trends as the primary
source of exposure variability has been largely avoided in most
air pollution epidemiology studies.

No single observational epidemiologic study can guar-
antee the elimination of all residual or unobserved confound-
ing. With regard to the air pollution epidemiology literature,
multiple studies using various study designs and dimensions
of exposure variability have been conducted. There is no
obvious single or common confounder—not cigarette smok-
ing, demographic and socioeconomic factors, or weather and
seasonal factors. It’s possible that these air pollution studies
have experienced “epidemiological bad luck” with multiple
confounders that are inadequately controlled for and coinci-
dentally cause spurious correlations that are somewhat coher-
ent across the different study designs. To be consistent with
the overall epidemiologic results, these confounders must
correlate with pollution across various dimensions of time
and space and be stronger risk factors for cardiopulmonary
disease than for other diseases. The most likely explanation
of recent air pollution epidemiology is that air pollution,
especially fine particulate and related pollution, has measur-
able effects on cardiopulmonary health.
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AUTHOR’S RESPONSE

Partitioning Evidence of Association Between Air Pollution
and Mortality

Holly Janes, Francesca Dominici, and Scott Zeger

We thank Drs. Pope and Burnett for their insightful
commentary1 and for emphasizing the key point of our

paper2: in studies of air pollution and health, it is useful to
quantify the evidence of the association between air pollution
and health at distinct temporal and spatial scales of variation
in the data because the estimated association at some of these
scales might be more subject to confounding bias than others.
In this paper, we estimate the association between month-to-
month variation in average PM2.5 in the previous year and
month-to-month variation in mortality rates in 113 U.S. coun-
ties from 2000 to 2002. Our approach decomposes evidence for
this association into three components: comparisons across
counties of average PM2.5 levels and mortality rates (spatial);
comparisons across time of national levels in PM2.5 and mortal-
ity rates (temporal); and comparisons across counties of devia-
tions in county-specific trends in PM2.5 and mortality from their
respective national trends (space-by-time interaction). In this
paper, we set aside the spatial component of association, and we
estimate the association at the remaining two scales (temporal
and space-by-time interaction). We report the associations at
each of these scales separately.

The spatial variability is the key information used to
estimate the health effects of long-term exposure in the
ACS3,4 and Six-Cities5,6 studies. Note that these studies rely
on time-invariant measures of exposure common to all indi-
viduals residing in a community and incorporate only indi-
vidual-level covariates collected at baseline. Therefore,
although they use prospectively collected health data, they
are based on cross-sectional comparisons. Because the many
factors that vary across populations in distant communities
may be associated with both air pollution and mortality, the
spatial information may be subject to confounding bias from
unmeasured factors. For this reason, the analysis presented in
this paper sets this component of variation aside by including
county-specific intercepts in the regression models. The two
remaining components of variation (the temporal and space-
by-time components) have not previously been studied in
detail. The question we address is whether this information
provides results similar to previous studies of the spatial
component.

In our analysis, we compare mortality rates over time
within a county, thereby using each county as its own control

and avoiding biases from cross-sectional comparisons. Our
simplest model (model 1) combines the temporal and space-
by-time interaction information and estimates a large positive
association between monthly variation in annual average
PM2.5 and monthly variation in mortality rates, similar in
magnitude to that estimated in previous spatial analyses.3–5

We note that the standard error of the PM2.5 effect from this
model is only twice the standard error of the PM2.5 coefficient
in the American Cancer Society’s prospective study4 and
one-quarter the size of the standard error of the PM2.5 coef-
ficient from the Six-Cities Study.6 Therefore, there is consider-
able information left for estimating the long-term effect of PM2.5
in model 1 after the cross-sectional component is set aside.

We further partition the variation used in model 1 into
its two constituents: temporal variation and the space-by-time
interaction. If there is no residual confounding in the within-
city comparisons over time, so that model 1 is correctly
specified, the association between PM2.5 and mortality should
be the same at the two scales. However, we find very different
associations at the two scales. Both nationally averaged
PM2.5 and mortality are trending down over time, producing
a large positive association at this scale. However, counties
with the steepest downward trends in PM2.5 do not have
correspondingly steep declines in mortality, producing no
association at the local scale. We agree with Drs. Pope and
Burnett that the association between the national trends is
more likely to be confounded. There are a multitude of
factors that cause trends in PM2.5 and mortality at the national
scale. We believe that there is less potential for confounding
bias at the local scale. Note that there is sufficient information
to estimate the PM2.5 effect at both scales; the space-by-time
interaction accounts for 57% of the temporal variability in
these data (see Table 1 of our paper2).

In summary, our paper2 introduces an approach that
decomposes information from an observational epidemio-
logic study into distinct temporal and spatial components
which might experience different degrees of confounding
bias. Most previous studies of long-term air pollution expo-
sure have focused on the cross-sectional comparison; here,
we look exclusively at comparisons over time, using each city
as its own control. We find a substantial difference in the
estimated PM2.5-mortality association when we look at na-
tionally averaged trends versus local trends. Although both
PM2.5 and mortality are trending downward nationally, coun-
ties with steeper reductions in PM2.5 do not tend to have
steeper reductions in mortality. These results, together with
the fact that our findings differ from previously published
studies, emphasize the importance of investigating the poten-
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tial for possibly distinct unmeasured confounders that vary at
different spatial and temporal scales.
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ORIGINAL ARTICLE

Assessing the Influence of a Genetic Characteristic on
Disease in the Presence of a Strong Environmental Etiology

Noel S. Weiss

Abstract: An inference as to the possible causal role of a genetic
characteristic in the development of a disease is strengthened when
there is a large disparity in disease incidence between persons with
and without that characteristic. If the disparity is particularly great
when, based on the presence or absence of a strong environmental
risk factor, we would predict it to be so, then a causal inference is
further strengthened. Only analyses that focus on the gene–disease
association, conditional on the environmental factor, directly bear on
the etiologic role of the genetic characteristic.

(Epidemiology 2007;18: 429–430)

An inference as to the possible causal role of an exposure
in the development of a disease is strengthened when

there is a large disparity in the incidence of that disease
between exposed and nonexposed persons. If that disparity is
particularly great when we would predict it to be so (perhaps
on the basis of a suspected susceptibility factor), then a causal
inference is strengthened further.1 For example, the conclu-
sion that exogenous estrogen can predispose to the develop-
ment of endometrial cancer is based heavily on the very much
higher incidence of this disease in hormone users that is
present when, on pharmacologic and endocrinologic grounds,
it would be predicted, ie, in the absence of exogenous
progestogen (which can give rise to differentiation of endo-
metrial cells that have proliferated in response to estrogen
stimulation). The inference that a genetic characteristic asso-
ciated with reduced catabolism of estrogen influences endo-
metrial carcinogenesis would be strengthened if the associa-
tion were particularly large in the presence of exogenous
unopposed estrogen, if it is believed that it requires the
relatively high levels of circulating estrogens that result from
use of hormonal agents to exceed the metabolic capability of
a woman with a slow-catabolizing genotype. (Alternatively,

there may be reasons to believe that the relative impact of
hormone catabolism on risk of endometrial cancer may be
appreciable only when there is not a quantity of exogenous
estrogen available to overwhelm a woman’s catabolic ability,
regardless of her genotype. In this instance, the stronger
gene–cancer association would be anticipated in hormone
nonusers.)

In the instance of endometrial cancer, in which we are
already secure in our knowledge of the deleterious impact of
unopposed estrogen, attention has recently focused on the
possible etiologic role of various genetic characteristics. The
most straightforward means of investigating such a role
would entail a comparison of the incidence of the disease in
women with and without a given genotype, first in users of
unopposed estrogens (of a duration and recency adequate to
produce an increased risk) and then again in other women.
However, a number of studies of endometrial cancer (and of
other diseases with known nongenetic etiologies) assessing
the possible etiologic influence of a genetic characteristic,
after examining the overall gene–disease association, ap-
proach the issue of potential gene–environment interaction
by asking whether the size of the association between the
environmental factor and disease varies according to geno-
type. This approach does not provide information as to the
size and direction of the association between the genetic
factor and disease within strata of the environmental factor,
and thus does not help in evaluating whether the genetic
factor may play a causal role in the development of the
disease. Tables 1 and 2 seek to illustrate this point by
depicting results from 2 hypothetical cohort studies of a
potential interaction between a genetic and environmental
factor (E) with regard to their influence on risk of disease. In
both study 1 and study 2 presented in Table 1, E is associated
with a 5-fold increased risk in persons with genotype X at a
given locus but with no altered risk in persons with genotype
Y at the same locus. From this we can infer that the genoty-
pe–disease association must vary as a function of E, but we
cannot infer the pattern of that variation. Indeed, in the 2
hypothetical studies, the nature of the relation between
genotype X and disease, conditional on E, differs consid-
erably (Table 2). In Study 1 persons with genotype X are
at a 5-fold increased risk of the disease if they have
sustained the environmental exposure, but at the same risk
as persons with genotype Y if they have not. Yet in Study
2, the presence of genotype X is associated with no altered
risk in those with the environmental exposure and with a
5-fold reduction in risk in other persons. Only this latter
analysis, and not the one presented in Table 1 that focuses
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on the association between E and disease, allows us to see
if the association between the genetic characteristic and
disease is in the predicted direction and is greatest in the
predicted subgroup (based on the presence or absence of
exposure E). Thus, only this analysis conveys information
that bears directly on the possible inference of a causal or
protective role of genotype X on disease risk.

The above recommendation, which focuses attention on
the association between genotype and disease within strata of
an environmental exposure known to be a cause of the
disease, would appear to be inconsistent with the recommen-
dations of Botto and Khoury2 for the analysis of potential
gene–environmental interactions. These authors advocate the
use of a single referent category—persons with the low risk
genotype and no (or the lowest level of) environmental
exposure. This approach allows the computation of risk
estimates for each factor alone and for the combination of
genotype and exposure, which the authors refer to as the
“basic, direct estimates of association.” However, what the
approach does not allow is the computation of risk associated
with the genetic characteristics among persons who also have
sustained the environmental exposure (and vice versa) and
the confidence interval surrounding that risk estimate. As
argued above, these, along with the corresponding parameters
among persons without the environmental exposure, are re-
quired to inform an inference regarding a possible causal role
of the genetic factor. Now, if a judgment has been made that

a genetic factor could plausibly be influencing disease occur-
rence, whether in all persons or in just those with or without
a particular environmental exposure, I believe that as a
second step it would be appropriate to move to an analysis of
gene–environmental interaction that employs a single refer-
ent category. Only this means of data presentation allows an
examination of the important question of the possible nonad-
ditivity of the influence of 2 factors on disease occurrence.3
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TABLE 1. Results of 2 Hypothetical Cohort Studies of a Disease in Relation to Environmental Exposure
E, According to Genotype

Genotype
Environmental

Exposure E No. of Cases No. at Risk
Incidence per

1000
Relative Risk Associated

With E

Study 1 X Present 50 1000 50 5

Absent 10 1000 10

Y Present 100 10,000 10 1

Absent 100 10,000 10

Study 2 X Present 10 1000 10 5

Absent 2 1000 2

Y Present 100 10,000 10 1

Absent 100 10,000 10

TABLE 2. Results of 2 Hypothetical Cohort Studies of a Disease in Relation to Genotype, According to
the Presence of Environmental Exposure E

Environmental
Exposure E Genotype No. of Cases No. at Risk

Incidence per
1000

Relative Risk Associated
With Genotype X

Study 1 Present X 50 1000 50 5

Y 100 10,000 10

Absent X 10 1000 10 1

Y 100 10,000 10

Study 2 Present X 10 1000 10 1

Y 100 10,000 10

Absent X 2 1000 2 0.2

Y 100 10,000 10
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COMMENTARY

Flavors in Gene–Environment Interactions
Lorenzo D. Botto

Abstract: In this issue, Noel Weiss1 (Epidemiology. 2007;18:429–
430) presents the argument that gene–environment interaction should
be approached through analysis of genetic effects within strata of
environmental exposure, rather than the analysis of environmental
effects within strata of genetic variants. Both approaches depend on a
pair of 2-by-2 tables. I suggest that, at least for an initial look, the 2-by-4
table has advantages.

(Epidemiology 2007;18: 431–432)

I have the simplest tastes—I am always satisfied with the
best.” Oscar Wilde

The analytic choice in assessing gene–environment
interaction can be both crucial and perplexing. Many
epidemiologists likely would, with Oscar Wilde, simply
choose the best. The best choice, however, may not be easy
to spot. For example, as Noel Weiss discusses in this
issue,1 the variation in disease risk by genotype may be
more apparent in the presence of a strong environmental
factor when the gene association is investigated among
strata of the exposed and the unexposed, compared with
looking at the effect of the environmental factor by geno-
type. Weiss advocates this approach particularly when the
interest is on inference about causation, or the biology of
disease. I think this is an astute point, and illustrates how
one choice of stratification might obscure a possibly im-
portant pattern of interaction.

I should like then to broaden the discussion, initiated in
the article’s last sentences, and ask this question: Is there a
better, simpler way—that is, a way one that avoids the risk of
obscuring the patterns of interaction, and at the same time is
general enough to be helpful in a broad range of epidemio-
logic questions?

I have in mind the 2-by-4 table approach, also briefly
quoted by Weiss at the end of the discussion, and discussed
in some detail elsewhere.2 I suggest that, if appropriately
used, the concept behind the 2-by-4 table analysis may serve
well as an initial scan of interaction patterns in a broad range
of epidemiologic scenarios.

For illustration, let’s imagine the admittedly simplis-
tic setting of Table 1, in which a biologic interaction
occurs between one genotype (G) and one environmental
exposure (E), both of which are treated as being present or
absent (plus or minus). Table 1 shows a typical setup, with
fictitious data. The second-to-last column provides the data
(in rearranged format) from the two 2-by-2 tables proposed
by Weiss. Each table has its own referent. The analysis of
the genetic data within the strata of exposure suggests that
the exposure has its effect only among those carrying the
gene variant.

In the 2-by-4 table analysis, a single reference group
is used to derive all relative risks. This is shown in the
right-most column in the Table (again, rearranged). One
can see that the genotype does not confer risk in the
presence of the exposure, but in fact the exposure has a
unique protective effect that occurs only among those not
carrying the gene variant. This potentially important find-
ing might otherwise be missed.

While this is a concocted example, it illustrates the
point that the full pattern of interaction appears clearly by
using the 2-by-4 table approach. This clarity derives from
using a single reference group—relative risks are commen-
surate, and each can be compared with each other. In Table 1,
the patterns of relative risk show the strength and direction of
the association of disease risk with and without the genotype,
and with and without the exposure. The full pattern of
interaction can be scanned at once.

A simple, general examination of a 2-by-4 table can
help assess gene–environment interaction patterns relevant to
both scientific discovery and public health—most epidemiol-
ogists like one of these 2 flavors, and many like both. It is
sometimes a question of taste, but, at least initially, the
simplest tastes may be best.
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TABLE 1. Study of Gene–Environment Interaction, Using
Fictitious Data

G E
No.

Cases
No.

At Risk
Incidence
per 1000

Rate Ratio
(Two 2-by-2)

Rate Ratio
(One 2-by-4)

� � 50 1000 50 5.0 1.0

� � 100 10,000 10 1.0 (ref. E�) 0.2

� � 50 1000 50 1.0 1.0

� � 500 10,000 50 1.0 (ref. E�) 1.0 (common ref.)

The second-to-last column shows data from two 2-by-2 tables (rearranged), each
with its own referent, in which the association between genotype (G) and disease has
been stratified by the presence or absence of an environmental exposure (E). The last
column shows the same data analyzed in a 2-by-4 table (also rearranged), with a single
referent.
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ORIGINAL ARTICLE

“Population Lab”
The Creation of Virtual Populations for Genetic Epidemiology

Research

Monica Leu, Kamila Czene, and Marie Reilly

Background: Studies of familial aggregation of disease routinely
use linked population registers to construct retrospective cohorts.
Although such resources have provided numerous estimates of
familial risk, little is known regarding the sensitivity of the estimates
to assumed disease models, changing demographics and incidence,
and incompleteness of the data. Furthermore, there are no standard
tools for testing the validity of estimates from standard epidemio-
logic designs and from new analytic strategies using register data.
Methods: We present a method and a software package for simu-
lating realistic populations of related individuals, using easily avail-
able vital statistics (population counts and fertility and mortality
rates). The virtual population is stored in a pedigree file, allowing for
easy retrieval of relatives and family structures. We simulate breast
cancer in our population using age-specific incidence rates.
Results: The Swedish population is simulated as dynamically evolv-
ing over the calendar period 1955–2002. The simulated and real
population agree well on important features such as age profile,
sibship size distribution, and average age at first birth. Using breast
cancer as an example, we present several models of familial disease
aggregation and show that the parameters used in the simulations are
faithfully estimated. In addition, we illustrate how our simulated
population provides insight into how incomplete family history in
real register data can affect estimates of familial risk.
Conclusions: This simulation method can be used to investigate
various underlying models of disease aggregation in families and
enhance the development of optimal approaches for family studies.
The software package, Population Lab, is available for free down-
load (http://www.meb.ki.se/�marrei/software/poplab/ and http://cran.
at.r-project.org/).

(Epidemiology 2007;18: 433–440)

Registers of cancer and other diseases are widely recog-
nized for their contributions to epidemiologic research

when linked to other population registers (such as birth,
death, or census information) to create study cohorts. Addi-
tional information on family relationships provides a valuable
resource for genetic epidemiology, and the few countries with
family registers have made major contributions to this area of
research.1–5 Despite the abundance of familial risk estimates
from register data, little work has been done to evaluate how
these estimates might be affected by various familial disease
models, trends in incidence and demographic changes. Even
when these registers cover nation-wide populations over a
long period, inferences based on these data may be limited by
truncation due to start-up date and censoring dates,6 ascer-
tainment bias from inclusion and exclusion criteria,7–9 length-
time bias,10,11 and broken family links due to unknown
parents.12 Various statistical methods for modeling such data
to estimate familial disease risk9,13–15 do not provide easy
solutions.

By generating an “ideal” family register where all
relationships are known, simulation tools can explore how
standard estimates of disease aggregation in families are
affected by the nature of available data and the analytic
approach. By modeling the observed patterns of disease risk
in relatives, such tools can also provide important clues to
disease etiology.

Since the 1980s, demographers have created electronic
populations to study factors affecting household formation,16

forecast kin counts,17 and predict kinship networks.18 Numer-
ous computer programs have been developed,19–23 but these
do not fit the kind of data of interest in the study of familial
aggregation of disease.

In this paper, we present a simulation method for
creating a virtual population of complete families. The
method allows this simulated population to evolve dynami-
cally over time, not only providing a correct representation of
the present but approximating the population in all its inter-
mediary states. We illustrate the utility of this environment
for epidemiologic investigations by simulating several famil-
ial models of female breast cancer. The input demographic
and incidence data and the disease model of the desired
population are controlled by the user. The software package,
Population Lab, that emerged from this work is written for
personal computers, and is available for free download from
the authors’ website24 or on request.
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METHODS

Data Sources
Three readily available data resources for Sweden were

used to simulate our population: age-specific population
counts, fertility rates, and mortality rates. The earliest popu-
lation data were those of 1955, available online from Statis-
tics Sweden25 as 1-year age specific counts. Thus we chose
1955 as the base year for our simulations. The fertility and
mortality rates were prepared from information from the
same web site, augmented by data from older publications.26

We add to this simulation incident female breast cancer
that aggregates in families. We do this using several models
described in detail below. To simplify our analysis of familial
aggregation, we use the Swedish 1980 age-specific breast
cancer incidence rates27 for the entire calendar period simu-
lated. We then compare the simulated population with the
real Swedish population using the Swedish MultiGeneration
Register,28 which identifies the parents of index persons born
in Sweden since 1932 together with the sex, year of birth, and
year of death of these individuals.

Software
We chose R29 (version 2.0.1 for Windows) as the

programming environment due to its flexibility in data han-
dling and storage, especially the ease of using matrix struc-
tures. R is freely available and comes with a large collection
of statistical techniques and graphical facilities for data anal-
ysis, and benefits from regular add-ons from a wide commu-
nity of users.

OVERVIEW OF SIMULATION
The simulated population is stored in a pedigree struc-

ture ie, a matrix where each row represents an individual with
his or her vital information: ID number (ID), year of birth
(YOB), sex, mother’s ID number (ID.M), father’s ID number
(ID.F), and year of death (YOD). These individuals are called
index persons. If death has not yet occurred, YOD is set to
missing (coded as 0 in our data). With every simulated
calendar year, the data matrix increases, as it contains all
individuals who ever belonged to the population at any time
from the base year to the latest simulated year.

For each new birth, the baby is added to the pedigree
file with the parents correctly identified. When a person
“dies”, they are not removed from the pedigree; the year of
death is simply recorded. Figure 1 highlights a baby girl
(ID � 99117) “born” in 2002. Note also the death event
(ie, year 2002 is recorded as YOD) for individual number
50001. The pedigree structure enables dynamic storage of
all individuals and straightforward identification of kinship
at any time point.

The simulation starts with the creation of the baseline
population of related individuals for the base year (1955).
The birth and death processes are applied each year and the
population augmented and updated accordingly.

Creation of the Baseline Population
The baseline population is a pedigree structure contain-

ing a scaled version of the real population for the base year;

it constitutes the input population for the calendar period to
be simulated. To construct a correct representation of the base
year we need to generate a population of related individuals
of a realistic age profile.

Starting with 50,000 females and 50,000 males with the
age distributions of Swedish females and males in 1955, we
assigned unique ID numbers and an indicator for sex. We “set
back the clock” 100 years, assuming these individuals were
alive in 1855, and set their year of birth to the difference
between 1855 and their age, and their year of death to
missing. Their parents’ ID numbers were set to missing: in
genetic epidemiology, such individuals would be referred to
as “founders.”

We programmed a “run-in” simulation of 100 years,
where these founders and their descendants give birth with
the 1955 fertility rates, and die with the 1955 mortality
rates. The details of the fertility and mortality processes
are presented in Appendix 1 (procedure GiveBirth() and
AssignDeath(), respectively). This run-in produces a pop-
ulation in which no one is left unrelated; even the oldest
individuals (100-years-old) in the final population were
born during the run-in simulation, thus linking them to
their parents. Finally, we trim the created population to
yield the real age profile for the base year, using the
algorithm presented in Appendix 2. Because our aim was
to create a baseline population of complete families, we
complete the trimmed population with any parents that
were removed by the trimming.

Simulation of the Evolving Population
The evolution of the baseline population over time is

achieved by 2 simulated events, birth and death, executed by
the procedures GiveBirth() and AssignDeath(), which take as

FIGURE 1. Creating a new individual in the pedigree file. For
“SEX” we have coded males as 1 and females as 2.
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input parameters the current simulated calendar year and the
current living population from the pedigree file, and update
the pedigree accordingly. All simulated events are the results
of Bernoulli experiments with probabilities determined by the
fertility or death rates for that calendar year.

Simulation of Evolving Populations With a
Disease That Aggregates in Families

To demonstrate our simulation tool, we include female
breast cancer incidence during the simulation, adding a year-
of-incidence (YOI) column to the pedigree file. Incident
cancers are assigned each year during run-in and evolution of
the population, using a Bernoulli process that operates on
individuals who are alive and cancer free (see procedure
AssignCancer() in Appendix 1). By including disease inci-
dence in the run-in period, the baseline population has prev-
alent cancer cases with the year of incidence recorded. As
explained above, we used constant incidence rates over cal-
endar time throughout the simulated calendar period. In
simulating death in this population, the age-specific mortality
applied by procedure AssignDeath() is increased by a con-
stant factor (2) for diseased individuals.

We simulate several models of familial association: (i)
the parental relative-risk model of disease aggregation, where
a woman’s age-specific risk of disease incidence is increased
by a constant factor if her mother is a case, (ii) the parental
odds-ratio model, where the odds of disease is increased by a
constant factor in daughters of cases, and (iii) a model where
the relative risk is modified by maternal age at incidence. For
each of the first 2 models, we simulate separately a “null
hypothesis” population of no familial aggregation of disease,
and an “alternative hypothesis” population where the risk and
the odds, respectively, are doubled in daughters of affected
mothers. In our third model, we increase the risk of disease by
a factor of 4 for women whose mothers where younger than
50 years of age at diagnosis, compared with daughters of
unaffected mothers, and by a factor of 2 for daughters of
women diagnosed after the age of 50. In addition, we con-
sidered the sibling relative-risk model where a woman’s
age-specific disease risk is doubled after a diagnosis in any of
her sisters.

Statistical Analysis for Estimating the Familial
Risk of Disease

We analyze incident breast cancer using appropriate
statistical models to verify that the familial association pa-
rameter employed in the simulation can be “extracted” accu-
rately from the pedigrees. Depending on the analyzed popu-
lation, familial exposure enters analyses either as a binary
variable (parental- and sibling-risk and parental-odds models)
or a categorical variable with the reference group consisting
of unexposed daughters (the model where familial risk
changes with maternal age at incidence).

Poisson Regression
Data are first summarized for each calendar year to

yield the total number of persons at risk and the total number
of cases in each stratum defined by the familial exposure and
age group. If age-specific incidence rates are constant over
the entire simulated time interval (as in our illustration), the
data can be further collapsed to obtain the total number of
cases and total number of individuals at risk in each age
stratum over the entire period.

Nested Case–Control Analysis
For each cancer case incident in 1955–2002, we ran-

domly select 3 controls born in the same year who are alive
and cancer-free in the year of incidence of the case. The data
are analyzed by means of conditional logistic regression.

Cox Regression Analysis
The study population consists of all individuals who were

alive and cancer-free at the beginning of follow-up (1955). The
entry time is age in 1955 or zero for those born later. The exit
time is age at incidence, death, or end of follow-up (2002),
whichever is smallest. If, during the follow-up of any individual,
their relative becomes an incident case, family history enters the
analysis as a time-varying covariate.

RESULTS

The Baseline Population of 1955
Figure 2A illustrates the age profile of the untrimmed

simulated female population and the real 1955 Swedish

FIGURE 2. A, Simulated baseline
(1955) population age profile before
trimming versus real population pro-
file for females. B, Simulated base-
line (1955) population age profile
after trimming and “completing”
the families versus real population
profile for females.
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female population. Figure 2B compares the age profile of the
female baseline (trimmed and completed) population with the
real 1955 population. The male baseline population exhibits
the same good agreement (data not shown).

Table 1 compares the sibship size distribution for indi-
viduals younger than 15 years of age in the 1955 baseline
population with the earliest year available (1960) from the
Swedish MultiGeneration Register. When a parent from the
real population had more than one partner we considered only
those children born to this parent and their first partner. It has
been documented elsewhere28 that parents’ IDs are more
often missing in the early years of the MultiGeneration
Register, so our comparison can be only approximate. Small
empirical standard errors from repeated creations of the
baseline population (100 times) indicate stability of the sib-
ship-size distribution across simulations (data not shown).

The Population Evolving Over the Calendar
Period 1955–2002

Figure 3 shows the simulated population alive in 2002
versus the corresponding real Swedish population. The fer-
tility and mortality processes applied during the simulation
resulted in a virtual population with a very realistic age
profile, despite our simplistic assumption of a closed popu-
lation (ie, no migration was considered).

The comparison of sibship size in the real and simu-
lated populations of 2002 (Table 2) indicates reasonable
agreement; this was stable across repeated simulations.

Figure 4 plots the average year of first birth recorded in
the simulated population and in the MultiGeneration Regis-

ter, by mother’s birth cohort. The 2 sources show excellent
agreement for births since 1932 (the inclusion criterion for
the MultiGeneration Register).

The Population Evolving With a Disease That
Aggregates in Families

We performed standard epidemiologic analyses to val-
idate that the parameters of familial aggregation used in the

TABLE 1. Percentage of Sibships of Each Size From the
MultiGeneration Register (MGR) Population and the Baseline
Population

Sibship Size
MGR Population

1960*
Baseline Population

1955*

1 52.4 60.6

2 32.4 27.5

3 10.8 9.2

4� 4.4 2.7

*Individuals in the population less than 15 years of age.

FIGURE 3. Age profile of the living
simulated population in the year
2002 versus real population profile
for males (A) and females (B).

TABLE 2. Percentage of Sibships of Each Size in 2002

Sibship Size MGR Population* Simulated Population*

1 45.3 56.6

2 41.8 27.8

3 10.7 11.3

4� 2.2 4.3

*Individuals in the population less than 15 years of age.

FIGURE 4. Comparison of the average year of first birth by
mother’s birth cohort from the 2002 population in the Multi-
Generation Register and the final simulated population.
Daughters/sons are born after 1932.
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simulations are faithfully estimated. Table 3 presents the
estimated parameters of familial association from single re-
alizations of each of our populations. When analyzing the
alternative-hypothesis populations, with a 2-fold increase in
risk and odds, respectively, we obtained estimates very close
to the true value. For the population simulated under the
model where familial risk depends upon maternal age at
incidence, we show the results of the analyses that correctly
model the level of exposure, and also the results of “naive”
analyses where exposure is treated as an indicator variable.
The former analyses give confidence intervals that include the
true values. We obtained similar results for the sibling relative
risk model; for example, the estimate of IRR from a Poisson
analysis of the alternative hypothesis population was 1.89, with
the 95% CI (1.64–2.18) including the true value of 2.0.

We used the population simulated under the parental
relative-risk model to illustrate the bias in familial risk
estimates due to truncation. We mimicked the start-up effect
of cancer registration by truncating maternal cancers if the
mother was an incident case before 1955. Figure 5 plots
10-year period-specific IRRs from Poisson analyses, based on
the population where exposure is complete and the truncated
population. The estimates of familial risk from the complete
population are close to the true value (ie, 2.0). In the trun-
cated population, the bias decreases with time after registry
initiation and has disappeared after 20 years of follow-up.

DISCUSSION
Our objective was to create an environment that allows

an investigator to assess the performance of population-based
studies of familial aggregation of diseases. We have demon-
strated that it is possible, by using simple vital statistics, to
simulate a realistic virtual population of related individuals.
Our population agreed well with the real population on
important features such as age profile, sibship size distribu-
tion, and average age-gap between mother and first born (ie,
age at first birth). These features exhibited very good repro-
ducibility in repeated simulations. For illustration we used
breast cancer as a general example of a disease that aggre-
gates in families, with its approximate 2-fold increase in risk

for first degree relatives.30,31 We demonstrated how our
simulated population can be used to explore various familial
disease models and to provide insights into how incomplete
family history in register data may affect estimates of familial
aggregation.

We began with the creation of a baseline population
with desired age profile for Sweden in 1955, using as input
the simple population counts and vital rates available in many
countries. This stand-alone tool generates the web of family
relations at a given point in time, which by itself may be of
interest and is the first step in starting our virtual population
register. On simulating the evolution of this population over
time, an ideal population was mimicked, where disease mod-
els and all relationships are fully known, and demographic
and disease characteristics can be easily extracted for any
given year. The key to the ease of handling the data is the
flexible “pedigree file” format in which they are stored. The

TABLE 3. Statistical Analyses of Familial Aggregation of Cancer for Several Simulation Scenarios

Model of Familial
Aggregation

True Value of
Parameter

CLR Poisson Regression Cox Regression

OR (95% CI) IRR (95% CI) HR (95% CI)

RR 1 0.92 (0.78–1.09) 0.94 (0.81–1.09) 0.95 (0.82–1.10)

2 2.1 (1.83–2.41) 1.97 (1.77–2.19) 1.99 (1.78–2.21)

OR 1 1.12 (0.95–1.32) 1.02 (0.88–1.18) 1.04 (0.90–1.20)

2 1.98 (1.73–2.26) 2.05 (1.85–2.28) 2.07 (1.86–2.30)

RR changing with maternal age at incidence*

4 3.74 (2.95–4.76) 3.71 (3.15–4.36) 3.67 (3.11–4.33)

2 1.91 (1.66–2.21) 1.96 (1.75–2.20) 2.01 (1.79–2.25)

Naive analyses† 2.27 (2.00–2.57) 2.31 (2.10–2.54) 2.34 (2.12–2.58)

*Exposure is a categorical variable, where individuals with no family history are the reference category.
†Exposure is treated as dichotomous any/none.
CLR indicates conditional logistic regression.

FIGURE 5. Period-specific IRR estimates from analyzing the
population simulated under the parental relative-risk model,
before and after the truncation of familial history of cancer.
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final simulated population follows closely the age profile of
the real population.28 The baseline and evolved populations
both exhibit a reasonable sibship-size distribution, but they
differ somewhat from the real population. Some of this
discrepancy may be due to the incomplete family links in the
MultiGeneration Register, especially for earlier birth cohorts.
However, the surplus of families of size one and the deficit of
families of size 2 are to be expected from simulating each
birth as an independent event. In reality, a woman’s child-
bearing is influenced by many factors, including desired
family size26 and societal norms. It is noteworthy that the
average age at first birth showed excellent agreement between
the real and simulated populations, as expected when using
the correct age-specific fertility rates for each year.

To create a framework suitable for a wide range of
applications, we made a number of simplifying assumptions:
(i) For each mother, we chose a spouse close in age (from 1
year younger to 4 years older), which is realistic in our
Swedish data. Although this could be extended to a stochastic
model, it is not necessary here where spouses’ age is not the
primary research interest. (ii) In applying fertility rates we
assigned each new birth as an independent event. Future
extensions could accommodate more realistic fertility pat-
terns (for example, influenced by parity and gap between
offspring) and other family structures such as half-siblings
and adoptions, though this would require the availability of
appropriate population data and additional programming. (iii)
In our simulation, diseased women cease reproduction. This
assumption would be reasonable for almost all adult cancers
since age at onset is after reproductive years for the great
majority of cases. (iv) We modeled age-specific disease
incidence as constant over time to simplify our illustrative
analyses, but the software can accept year-specific incidence
rates. (v) We simulated a closed population without immi-
gration or emigration. Thus our method is suitable for studies
of homogeneous populations; it could be extended to include
immigration/emigration, provided the data are available.

There are several immediate applications of our simu-
lation tool. For example, researchers can specify their own
input data to create realistic settings for exploration of epi-
demiologic hypotheses. Various diseases can be modeled by
specifying the disease parameters and choosing from several
familial models. The simulation can also be run to a specified
time point in the future (using projected vital rates or the
latest rates available) to extrapolate the estimates of popula-
tion disease burden or other features of interest. The influence
of family structure on definitions of exposure and estimates of
familial risk can also be explored. Studies of disease aggre-
gation in families are complicated by the nature of the
“exposure” of interest (ie, affected family members, such as
parents or siblings), whose definition is affected by family
size and age-gap between relatives.32 The power of a research
study under various models of familial aggregation can also
be calculated. Such investigations are especially relevant
when needing to incorporate expensive genetic data, such as
biomarker or molecular information. Another useful applica-
tion is in assessing the magnitude of biases of familial
aggregation estimates due to truncation of disease events or

family history in the context of population registers, and the
performance of methods proposed to deal with them. For
example, Figure 5 illustrates the bias in the estimates of the
familial aggregation at the beginning of registration due to the
loss of family history information.

Our main disease model assigns a relative risk of
incident cancer to individuals with a family history, in keep-
ing with the usual practice of analyzing cohort data using
Poisson or Cox regression to estimate IRRs and HRs. How-
ever, since it is common practice to extract nested case–
control studies from population cohorts, we also investigated
an odds ratio model. In addition, we explored models where
family risk varied with age at onset in the affected mother (a
known feature of many heritable diseases), and a familial risk
posed by an affected sibling. A simulation tool equipped with
several disease models enables the investigation of the usual
analytical strategies for their robustness to the assumed un-
derlying disease model. One can also investigate the perfor-
mance of new methods proposed for handling special data
structures: for example, the analysis of independent family
clusters9 for correction of the standard errors of familial risk
estimates due to the correlation between related individuals,
or the case-cohort families approach recently proposed for
applications where analysis of all affected families in the
population is computationally intensive.33,34

This simulation tool can be extended in various ways to
deepen our understanding of familial disease risk. For exam-
ple, the disease model can specify an increased risk for
individuals having an affected parent from the time they
reach that parent’s age at incidence, a genetic “doom” (from
birth) for the descendants of a subpopulation of cases, or
offspring risk modified by sex of parent (ie, affected mother
versus affected father). In addition, differential mortality for
familial versus nonfamilial cases could be easily accommo-
dated. Features of reproductive history known to be associ-
ated with disease, such as delayed childbearing, age at first
birth and parity, can be included in future risk models to
study their role in familial aggregation. For example, in breast
cancer studies one could model the input risk parameter as a
function of age at first birth, parity and age at menopause.35

The practicality of applying our methodology is en-
hanced by both the simple input data (ie, vital statistics that
are easily available for many countries) and the provision of
our software for free download. With a running version of
R29 and minimal programming effort, the user can investigate
the performance of various analytic approaches to family
data. Extensions of the package to incorporate additional
features specific to various research questions can create
valuable tools for experimentation and investigation.
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APPENDIX 1: SIMULATION STEPS
For every year to be simulated, procedures Give Birth(),
Assign Death() and Assign Cancer() are applied to the index
individuals in the pedigree. The main features of these pro-
cedures are as follows:

Procedure Give Birth()

1. Select all women alive.
2. From these women, select only those who are in the

childbearing age interval (assumed to be between 15
and 46 years).

3. From this selection, 2 sets are created: those who are
already mothers and those who do not yet have
children.

4. For women who are already mothers, identify their
partners (ie, the fathers of their children). If this
father has died, the woman is no longer considered
a potential mother. For each of the remaining cou-
ples, generate a Bernoulli event based on the age-
specific probability of a woman giving birth to a
child in that calendar year.

5. For the women who do not already have children,
generate a Bernoulli event based on the age-specific
probability of giving birth to a child in that calendar
year. For each woman chosen to become a mother
(ie, the Bernoulli outcome was a “success”) assign a
partner from the living males who have not been
fathers before, and who are at most 1 year younger
or 4 years older than the mother.
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6. For each couple chosen as parents, add a new child
to the pedigree, recording the newly generated ID,
year of birth (ie, current simulated calendar year),
sex (using a Bernoulli experiment with probability
0.5), and the ID of the mother and the father. The
year of death is set to missing.

Note 1: In simulations involving cancer incidence, Step
1 of the Give Birth procedure selects women who are alive
and cancer free, ie, it is assumed that women will not bear
children after a cancer diagnosis.

Note 2: The age-gap between spouses (from �1 to 4
years) was chosen after inspecting the real Swedish population.

Procedure Assign Death()
Procedure Assign Death() does not erase the individu-

als from the population when they “die”, but rather assigns
the current (simulated) calendar year as their year of death.

1. Select all individuals alive in the pedigree during the
the current year.

2. For every individual in this selection, assign a
period-, age-, and sex-specific probability of dying.

3. Generate a Bernoulli process based on this proba-
bility for each living person and assign the current
calendar year as the year of death where this was a
success. Individuals who reach 100 years of age are
automatically assigned the current simulated year as
their year of death.

Note: In our illustration, the age-specific mortality rates
of diseased individuals are increased by a constant factor of 2.

Procedure Assign Cancer()

1. Identify all women alive in the pedigree in the
current year and assign to each of them an age-
specific probability of an incident cancer. Generate a
Bernoulli outcome based on this probability and if
this is a success, assign the current calendar year as
this woman’s year of incidence.

2. If we wish to simulated a pedigree where a positive
family history (affected mother) changes risk, we
apply the additional step of using different incident
rates for individuals with an affected mother. For
example, if a woman’s mother is known to be a

cancer case, we double the woman’s risk of cancer
compared to a woman the same age whose mother is
cancer free.

APPENDIX 2: IMPOSING THE REAL AGE
DISTRIBUTION ON THE SIMULATED

POPULATION
Choosing the modal age in the simulated population as

reference, we denote the relative numbers of individuals in
any other age group as � (for the real population) and � (for
the simulated population). In order to have sufficient individ-
uals in all age groups in the simulated population to impose
the real age distribution, we may need to first adjust (ie,
reduce) the reference age count. We identify the age a for
which the ratio �/� is a minimum and denote this ratio as
�a/�a. Let sa denote the simulated count for age a and sr the
simulated count for the reference age. Denoting the relative
numbers of individuals for any other (nonreference) age as �*
and �*, then clearly �a/�a � �*/�*.

We adjust the reference count sr by a factor f so that
�afsr � sa. Thus

f �
sa

sr

1

�a

�
�a

�a

(1)

and the number of individuals required in any other
group will be

� �*fsr

� �*
�a

�a

sr

� �*
�*

�*
sr

� �*sr (2)

The adjusted reference count ensures that there are
enough individuals in all age categories to impose the real age
distribution.
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ORIGINAL ARTICLE

Analyses of Case–Control Data for Additional Outcomes
David B. Richardson,* Peter Rzehak,† Jochen Klenk,† and Stephan K. Weiland†

Abstract: Consider a case–control study in which prevalent cases of
a given disease define the index series and members of the base
population without the disease are sampled to provide the referent
series. Information on a set of explanatory variables (eg, genotypes)
is collected at great cost for cases and controls. The objective of the
study is to evaluate the relationship between case status and the ex-
planatory variables. Subsequently, an investigator notes that the
prevalence of a second disease was measured for the members of the
index and referent series. The investigator wishes to make efficient
use of the available data by assessing the relationship between this
second disease and the set of explanatory variables. In this paper, we
discuss 2 analytic approaches that might be used to assess associa-
tions between the explanatory variables and an outcome other than
the original disease. One is through the inclusion of a design variable
for original disease status as a covariate; and, the second is through
weighted logistic regression using the inverse of the sampling
fractions as the weights. The latter approach allows the investigator
to derive an estimate of association between the explanatory vari-
ables and the second disease without adjustment for the first disease.
Weighted logistic regression methods are readily implemented using
available statistical packages.

(Epidemiology 2007;18: 441–445)

The conduct of epidemiologic research can be expensive.
When possible, it is advantageous to develop analytic

methods that maximize the efficiency of such studies, and
permit investigation of additional study questions using ex-
isting data. The context for the analytical method discussed in
this paper is as follows. A large multicenter cross-sectional
study of the prevalence of childhood asthma was conducted
with a focus on environmental and genetic risk factors.1

Subsequently, a nested case–control study was conducted in
which cases were sampled from children in the study base
who reported wheezing during the last 12 months. Controls
were sampled from children in the study base who had not
reported wheezing during the last 12 months. Biologic mea-
surements, such as bronchial responsiveness and serum im-
munoglobulin E levels (IgE), were made on the members of
this case–control study. These data were used to assess the
relationship between predictors, such as IgE, and the preva-
lence odds of self-reported wheezing.

A variety of allergy-related health endpoints other than
self-reported wheezing were also assessed in the study de-
scribed above. The question arose of how data from the
nested case–control study could be used to analyze associa-
tions between the explanatory variables and other health
endpoints. This is a generic question in case–control analy-
ses. The problem can be viewed as analysis of data derived
from a case–control study using disproportionate stratified
subsamples of the study base (ie, samples of those with and
without some characteristic assessed in the full study base).2,3

Ignoring the sampling structure can lead to severely biased
results. A solution to this problem is simply to derive esti-
mates of prevalence odds ratios that are adjusted for the
matching factor (case status) that defined the original index
case series for the nested case–control study. Prentice and
Pyke4 have shown that when an unconditional logistic regres-
sion model is fit to data derived from a cumulative case–
control study design (in which an investigator selects controls
from among those who remain disease-free at the end of the
study), only the model intercept is biased. However, the effect
measure that is obtained is the estimate of the change in log
prevalence odds of disease per unit change in exposure
adjusted for the case status that defined the original case
series. This result is not necessarily an estimate of the effect
measure of interest and, in some instances, it may not be a
valid effect estimate at all. For example, if the disease that
defined the original case series (wheezing) is an intermediate
in the causal relationship between exposure and another
outcome of interest (eg, clinically diagnosed asthma) then
adjustment for wheezing in analyses of associations between
IgE and clinically-diagnosed asthma will result in a biased
effect estimate. An alternative, simply to restrict the anal-
ysis to the noncases in the original study (ie, the controls),
has similar implications. The effect measure that is ob-
tained is conditioned on the case status that defined the
case series for the original study; furthermore, discarding
information on the original case series seems inefficient.
Therefore, we were interested in exploring other analytic
approaches to this problem.
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METHODS
Consider a case–control study in which prevalent cases of

disease D1 define a case series. Subjects who were free of disease
D1 at the time of the prevalence survey were randomly sampled to
provide a referent series. Information on a vector of explanatory
variables, X, was collected for members of the index and referent
series. These data were subsequently used to investigate associa-
tions between X and an outcome other than D1, denoted D2.

An analysis of the association between X and D2 can be
viewed as an analysis of case–control data with biased sam-
pling. While the literature on this topic is substantial, biased
sampling is usually a term used to discuss matching, or sam-
pling, with respect to a covariate of interest. In such instances,
the data analyst intends to control for the factor that defines
sampling strata in the data; therefore, a commonly-advocated
approach is to stratify on the covariate. If the sampling fractions
are known, the data analyst can use the results of a logistic
regression model fitting not only to estimate odds ratios but, by
adjusting the model intercept for the stratum-specific sampling
fractions of cases and controls, to estimate odds or predicted
risks for specific covariate patterns. The literature on biased
sampling also includes discussions in which biased sampling
strategies are employed to ensure that sampling probabilities are
known, so that a data analyst can assess effect modification
between an exposure of interest and factors that define sampling
strata on scales other than the multiplicative.3,5 Langholz et al6

have proposed over sampling with respect to the primary
exposure of interest (termed counter-matching). The counter-
matching approach may increase the statistical precision of
effect measures if the exposure distribution is skewed.

In contrast, we are considering study data that have been
sampled with respect to a factor D1 that is not of interest as an
exposure, nor necessarily as a covariate. If we do not know the
sampling fraction of cases of disease D2, then we have a
”convenience sample” of cases of D2 observed within an index
series and referent series defined by disease D1. In the sections
below we discuss 2 approaches to deriving estimates of the
prevalence odds ratio for disease D2, contrasting subjects with
covariate patterns defined by explanatory variables X.

Adjustment for D1
One approach to analysis of the relationship between

disease D2 and an explanatory variable X (in a case–control
study where the index series was defined by disease D1) is via
a logistic regression model where a design variable is in-
cluded to adjust for disease status D1.4,7 This is a standard
unconditional logistic regression model in which one of the
covariates in the model is a binary indicator variable, stratum,
for the disease D1 that defines the index case series,

ln� �i

1 � �i
� � �0 � �1xi � �2stratumi

where � is the probability of D2 � 1, given the model
covariates, and

LnL̂��;X) � �
i � 1

n

(yiln�i � �1 � yi�ln�1 � �i�)

is the log-likelihood-function from which the estimates of the
logistic regression coefficients � are derived, given that y
denotes the value of the outcome variable.7 The logistic
model fitting will provide an estimate of the association
between X and D2 in a model that conditions on a design
variable for D1, which determined the study’s sampling
scheme.

Stratum-Weighted Logistic Regression
An alternative analytical approach is to replace the log

likelihood above by a weighted sum using weights wh given
by the reciprocal of the selection probability for the respec-
tive stratum,

LnL̂��;X) � �
h�1

H

wh�
i�1

nh

(yhiln�hi � �1 � yhi�ln�1 � �hi�)

where h indexes case–control (D1) status.2,8,9 For example,
for a pair-matched case–control study in which all cases in
the study base are ascertained, the weight (inverse selection
probability) for cases is 1 and the weight for controls is the
number of noncases in the study base divided by the number
of controls selected.

Rather than adjusting for the design variable for the
stratum, an estimator accounting for the stratified sampling is
obtained with stratum-specific sampling weights that are part
of the log-likelihood-function. An advantage of this latter
approach is that the data analyst can derive an estimate of
association between X and D2 that is not adjusted for D1. As
would be observed in logistic model fittings to data for the
entire study base, the results obtained via these 2 approaches
will diverge if D1 behaves like a confounder or an interme-
diate variable in the association between X and D2.

Empirical Example
An empirical example is used to illustrate 2 points.

First, stratum-weighted logistic regression allows a data an-
alyst to derive an unbiased estimate of association between X
and D2 that is not adjusted for D1. Second, the estimate of
association derived from stratum-weighted logistic regression
may differ from that obtained via a standard unconditional
logistic regression analysis in a model that adjusts for D1, via
analyses that ignore the original sampling structure, and via
analyses that use data for the referent series only.

Study data on symptoms of respiratory and atopic
diseases as well as on various risk factors in children (ages
9–11 years) were collected by parental questionnaires con-
ducted in 1994–1995 in Munich, Germany. Details and
results of this study are published elsewhere.1,10 In Munich,
measurements of blood samples (eg, specific serum IgE) and
physical examinations (skin prick testing or bronchial chal-
lenges) were collected in an unstratified random sample of the
population. We analyzed the data from Munich for all chil-
dren with valid information on specific IgE-levels, self-
reported hay fever, and self-reported wheezing (n � 1630).
The study was part of a worldwide collaboration.1 The
protocol allowed a study center to perform IgE analyses only
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in a nested case–control study that included disproportionate
stratified subsamples of children based upon disease status;
most study centers have chosen the latter approach. As study
instruments and methods were the same for all centers world-
wide, we used the data from Munich to illustrate the effect of
different approaches to analyze disproportionate stratified
subsamples.

For illustrative purposes we present a study in which
self-reported hay fever is the disease that defined the index
case series. We use these case–control data to assess the
association between allergen-specific IgE levels (categorized
as �0.7 vs. �0.7 kU/L) and another outcome of interest
(self-reported wheezing). A standard unconditional logistic
regression model was used to derive a parameter estimate for
the IgE-wheezing association (�̂ul) using data for the full
study sample. This unconditional logistic regression model
included a single parameter for IgE, defined as a dichotomous
variable. Next, we drew a random sample of 100 children
who reported hay fever (cases) and 200 children without hay
fever (controls) from these data. Figure 1 illustrates the
structure of the nested case–control study. The SAS v. 9.1
statistical package (PROC SURVEYLOGISTIC; SAS Insti-
tute, Cary, NC) was used to derive a parameter estimate for
the IgE-wheezing association �̂swl via a stratum-weighted
logistic regression model applied to the nested case–control
data. The regression model included a single parameter for
IgE, defined as a dichotomous variable, and the outcome
variable was a binary indicator of wheezing. The process of
selecting cases and controls defined by hay fever status, and
deriving an estimate of the IgE-wheezing association, was
repeated over 1000 iterations, after which the average param-
eter estimate, E(�̂swl), was calculated. Standard logistic re-
gression models were also fitted to the data for the nested
case–control samples to obtain parameter estimates that were
adjusted for hay fever status. Lastly, to illustrate the effect of
ignoring the sampling scheme, standard logistic regression
models that included a single parameter for IgE, defined as a
dichotomous variable, were fitted to the data for the nested
case–control samples; and, to illustrate the effect of analyz-
ing the control series only, standard logistic regression mod-
els that included a single parameter for IgE, defined as a

dichotomous variable, were fitted to the data for the control
series of the nested case–control samples.

RESULTS
The estimate of the prevalence odds ratio of wheezing

(when comparing high IgE to low IgE study members) was
derived via stratum-weighted logistic regression analyses of
nested case–control data originally collected to study hay
fever. Figure 2 provides a histogram of the parameter esti-
mates for the IgE-wheezing association �̂swl obtained via
1000 iterations of this procedure. As illustrated, the parameter
estimates from weighted logistic regression were symmetri-
cally distributed around a median value of 1.35. There was no
evidence of skewness in this distribution and the average
parameter estimate (E(�̂swl) � 1.38) closely approximated the
result obtained via standard unconditional logistic regression
using the full study sample (�̂ul � 1.34, se��̂ul� � 0.18). The
averaged standard error of the parameter estimates obtained
via stratum-weighted logistic regression for the IgE-wheezing
association was 0.47.

Fitting of a standard unconditional logistic regression
model with a design variable for hay fever produces a
parameter estimate for the association between IgE and self-
reported wheezing that is adjusted for hay fever status. The
average parameter estimate obtained via a standard logistic
regression model that adjusts for hay fever status (1.13)
differs from the result obtained via stratum-weighted logistic
regression analyses. The average standard error of the param-

FIGURE 1. Nested case–control study of childhood hay fever
where cases and controls were sampled from a study of 1630
German children.

FIGURE 2. Histogram of the distribution of weighted logistic
regression parameter estimates for the association between IgE
level (�0.7 versus �0.7) and self-reported wheezing (yes vs.
no). Values obtained after 1000 replications of nested case–
control analyses conducted by sampling 100 cases of children
who reported hay fever and 200 children who did not report
hay fever. Dashed line indicates the estimate of association
between IgE level and self-reported wheezing obtained via
standard unconditional logistic regression using data for the
full study sample of 1630 German children.
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eter estimates for the IgE-wheezing association obtained via
fitting of a standard unconditional logistic regression model
with a design variable for hay fever was 0.46. However, as
discussed above, the scientific interpretation of an association
between IgE and self-reported wheezing conditioning on hay
fever status may be of little or no interest to an investigator.

In order to illustrate the effect of simply ignoring the
disproportionate stratified sampling scheme, we examined the
results obtained by fitting a standard logistic regression model
without a design variable for hay fever status. The average
parameter estimate for the association between IgE and self-
reported wheezing was 1.51, with an average standard error of
0.42. Lastly, to illustrate the effect of analyzing the control series
only, we fitted standard logistic regression models to the control
series. The average parameter estimate for the association be-
tween IgE and self-reported wheezing was 1.13, and the average
standard error of the parameter estimates was 0.95.

DISCUSSION
There are at least 2 options when analyzing case–

control data for an outcome other than the one that defined the
index series. One is to adjust for the disease that defined the
original case series. This approach produces estimates of
association that are adjusted for a factor (the status of study
members with respect to the disease that defined the index
series) that is not necessarily of interest as a covariate in the
association under study.

Another option is to use stratum-weighted logistic re-
gression. This type of regression is readily-implemented via
the SAS statistical package. This approach is generally ap-
plicable in analyses of 2-stage data when it is not desirable to
adjust for the variable that defined the strata for the second-
stage sampling. In the case–control context, stratum-
weighted logistic regression may be particularly useful in
situations where the disease that defined the original case
series is a potential intermediate in the association between an
exposure of interest and the disease under study (or situations
in which the effects of predictor variables are confounded
with the strata variables defining the index case series).

Stated differently, if nested case–control data are ana-
lyzed for an outcome other than the disease that defined the
index case series, the data analyst will typically need to
account for sample selection probabilities in a setting in
which the selection probabilities may relate to values of the
response variable. Conditioning on the values of the design
variable (index case status) is often recommended as a plau-
sible approach for dealing with the problem of unequal
selection probabilities. However, inclusion of the design
variables as covariates may undermine the scientific rationale
for the regression analysis.9 In such scenarios, this informa-
tion about selection probabilities may be represented by
sampling weights.

There are some issues to keep in mind when consider-
ing this approach. First, it is necessary to specify the sampling
fractions employed in the original study. If the original
case–control study was nested within an enumerated cohort,
then sampling fractions can be calculated directly. In a
population-based case–control study, these values may be

estimable by reference to external information; the ratio of
the sampling fraction of cases to the sampling fraction of
controls may be easier to estimate in a population-based study
than absolute sampling fractions.11 This ratio can be used to
derive weights for stratum-weighted logistic regression by
assigning a weight of 1.0 to cases and a weight equal to the
ratio of sampling fractions to the controls. In a matched
case–control study, the stratum-specific sampling fractions
would be employed in a similar manner. Second, this ap-
proach is best applied to large case–control series, using
outcomes that are not extremely rare. If a disease is rare or the
number of observations is small, then there may be insuffi-
cient data with which to investigate associations between
explanatory variables and an outcome that differs from the
disease that defined the original case series.

Simply ignoring the sampling scheme can lead to bi-
ased results, as illustrated via our empirical example. In
contrast, adjustment for the disease that defined the original
case series may be appropriate if the disease that defined the
index series (D1) is not associated with the outcome of
interest (D2), or if the disease that defined the index series is
a true confounder of the association between the predictor
variables and the disease of interest. For example, if D1 is
neither a confounder of, nor intermediate variable in, the
association between exposure and D2, then the estimate of
association with D2 obtained via stratum-weighted logistic
regression will be identical to the estimate obtained condi-
tioning on D1. In such scenarios adjusting for D1 in a standard
logistic regression analysis will provide a valid (and possibly
more precise) estimate of association. However, often the
disease that defined the original case series is a factor that
may not be desirable as a model covariate. In our example,
the outcomes of interest (D1 and D2) are associated, and each
is associated with the explanatory variable. Stratum-weighted
regression offers an easily-implemented approach to estimate
the association between predictor variables and D2 without
conditioning on D1, and provides parameter estimates whose
interpretation relates to the independent association between
the exposure and outcome D2.

Rather than use weighted logistic regression, a data
analyst might consider restricting the analysis to some subset
of the data (eg, controls only). If the controls had been
selected using density sampling (such that the controls are a
sample of the study base) then the association between the
exposure and outcome D2 restricted to the controls will
provide a valid odds ratio estimate; however, restricting the
analysis to the control series will result in a loss of informa-
tion (most notably in a pair-matched case–control study). For
a study of disease prevalence or cumulative incidence, re-
stricting the analysis to the control series may undermine the
scientific rationale for the regression analysis, similar to an
analysis that adjusts for index case status.

A data analyst is not obliged to choose one of these
analytical approaches. If an investigator suspects that D1 is
neither a confounder nor intermediate in the association
between exposure and D2, then this may be explored by
comparing the magnitude and precision of results from stra-
tum-weighted logistic regression and standard logistic regres-
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sion with adjustment for D1. The advantage of stratum-
weighted logistic regression is that it offers a way to analyze
case–control data for associations between predictor vari-
ables and health outcomes other than the one that defined the
original index series, obtaining effect measures that are not
adjusted for the disease that defined the index series. Al-
though not a novel approach, stratum-weighted logistic re-
gression is rarely applied by epidemiologists in this context.
This approach allows a data analyst to make greater use of
case–control data for investigations of etiologic associations
and may be of particular value for analyses of data derived
from large case–control studies.
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ORIGINAL ARTICLE

Analysis of Matched Case-Control Data With
Incomplete Strata

Applying Longitudinal Approaches

I-Feng Lin,*† Ming-Yun Lai,† and Pei-Hung Chuang*

Background: Matched case-control data have a structure that is
similar to longitudinal data with correlated outcomes, except for a
retrospective sampling scheme. In conditional logistic regression
analysis, sets that are incomplete due to missing covariates and sets
with identical values of the covariates do not contribute to the
estimation; both situations may cause a loss in efficiency. These
problems are more severe when sample sizes are small. We evalu-
ated retrospective models for longitudinal data as alternatives in
analyzing matched case-control data.
Methods: We conducted simulations to compare the properties of
matched case-control data analyses using conditional likelihood and
a commonly used longitudinal approach generalized estimating
equation (GEE). We simulated scenarios for one-to-one and one-to-
two matching designs, each with various sizes of matching strata,
with complete and incomplete strata, and with dichotomous and
normal exposures.
Results and Conclusions: The simulations show that the estimates
by conditional likelihood and GEE methods are consistent, and a
proper coverage was reached for both binary and continuous expo-
sures. The estimates produced by conditional likelihood have greater
standard errors than those obtained by GEE. These relative effi-
ciency losses are more substantial when data contain incomplete
matched sets and when the data have small sizes of matching strata;
these can be improved by including more controls in the strata.
These losses of efficiency also increase as the magnitude of the
association increases.

(Epidemiology 2007;18: 446–452)

Matching has been widely used to enhance efficiency in
case-control studies.1 In an individual “one-to-n”

matching, one or more controls (nondiseased subjects) are

matched to a case (diseased subject) on variables such as age,
sex, and race/ethnicity. Due to the retrospective sampling
scheme and matching procedure in matched case-control
data, fitting a prospective model with unconditional logistic
regression that treats disease status as the dependent variable
and exposure as the independent variable may lead to biased
and inconsistent estimates even in large data sets.2 For this
reason, conditional logistic regression has been preferred for
the analysis of matched case-control data.3–5

Conditional likelihood treats the matching effects as
nuisance parameters and estimates the parameters of interest
(the disease-exposure log odds ratio) conditioning on the
matching sets. Since this approach uses only information
within a stratum, neither incomplete matching sets (ie, the
strata containing only cases or only controls) or sets with
identical values of the covariates contribute to the estimation.
A missing covariate for a case causes the model to discard the
corresponding observed controls within the same stratum
and, similarly, the strata with cases only are left out from
analysis even though covariates for case are observed. There-
fore, the conditional logistic regression with missing covari-
ates loses more information than unconditional logistic re-
gression. These problems may be even more severe when
sample sizes are small.

Matched case-control data have a data structure that is
similar to longitudinal correlated data except for the retro-
spective sampling scheme. The role of the matched sets is
similar to the “subjects” or “clusters” in longitudinal data. In
a matched case-control study, the exposure measures for the
case and controls within a “matched set” are dependent on
sharing the same matching factors. In a longitudinal study,
the outcome measures at different time points are correlated.
In this article, we use the terms “matched set,” “stratum,” and
“cluster” interchangeably.

Methods developed for analyzing longitudinal corre-
lated outcomes—such as the generalized estimating equations
(GEEs) and generalized linear mixed models—have been
widely used.6 The GEE approach is a marginal model based
on quasi-likelihood, and accounts for the cluster effect by
estimating additional parameters for the correlations in out-
come measures between different time points. The general-
ized linear mixed models are random-effects models account-
ing for the cluster effect by assuming cluster-specific effects,
(eg, cluster-specific intercepts and cluster-specific slopes) and
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jointly estimating the parameters of interest and variance of
the random effects.

The conditional logistic regression is a special case of
a logistic model with stratum-specific intercepts; this ap-
proach estimates the parameter of interest conditioning on the
random effect and does not require any assumption on the
distribution of the random effect. Unlike conditional likeli-
hood approach, the GEE approach and the generalized linear
mixed models utilize all observations in estimating the pa-
rameter of interest in the main mean model, treating all
missing outcomes completely at random.7 The generalized
linear mixed model is a likelihood approach that requires
information within stratum to estimate the parameters. It
involves more complicated computation procedures and usu-
ally takes a long time to run for problems with many param-
eters or for nonlinear models. For individual matching de-
signs with only few observations in each cluster, the precision
of the estimates is sometimes unreliable, especially in non-
linear models.

This study focus on the longitudinal approach with
GEE models only. The purpose of this paper is to compare
the estimates obtained by conditional likelihood and the GEE
based on a matched case-control study. We conducted Monte
Carlo simulation studies to compare the estimates for the data
with complete strata and the estimates obtained with missing
covariates. The analysis was carried out for varying sample
sizes, varying true parameters, and for matching designs of
1:1 (1 case and 1 control for a stratum) and a 1:2 (1 case and
2 controls for a stratum).

METHODS
Conditional logistic regression and the other 2 longitu-

dinal models can handle data with more than one case and
multiple controls per matched set. For notation simplicity, we
will illustrate the models for a 1:n matching design (n
controls per case for a stratum). Let Dij be the case indicator
for the jth subject, j � 1, . . ., n(i), in the ith matched set, i �
1, . . ., m. That is, Di1 � 1 for case, and Di2 � 0, . . ., Din(i) �
0 for controls, where the number of controls for matched set
i is n(i) � 1 and the total number of strata is m. Let Xij be the
variable of interest (eg, exposure) for the jth subject, Wij be
the covariate vector of potential confounders to be adjusted,
and Zi be a vector of matching factors in the ith matched set
(eg, age). Given the data, we assume that the linear logistic
disease prevalence model to be

ln {P�Dij � 1|Xij,Wij,Zi�/P�Dij � 0|Xij,Wij,Zi�} �

�0 � �1Xij � �2
TWij � g�Zi�. (1)

The ln is the natural logarithm function, �0 is a constant,
� � ��1,�2

T�T is a vector of regression coefficients, and g(.)
is a function linking the relationship between Z and D. The
exponential of �1, exp(�1), is the interested disease-exposure
odds ratio.

Prospective and Retrospective Models in
Analyzing Matched Data

Consider a binary exposure variable X of primary
interest with value 1 as exposed and 0 as unexposed. In
matched cohort studies (matching on Z between exposed and
unexposed groups), we can directly estimate the probability
of disease (D) given the exposure status (X) adjusting for
matching variable (Z) and other covariates (W), P(D|X,Z,W),
as well as the parameter of interest, �1, by accounting explicitly
for the effect of Z on the disease status in an unconditional
logistic regression model, if the Z is quantifiable.8 In retro-
spective case-control studies, logistic regression directly
models the probability of exposure (X), P(X|D,Z,W). Accord-
ing to the invariant property of the odds ratio, the coefficient
of D in a retrospective model (ie, fitting the model with X as
the dependent and D as the independent variables) is the
disease-exposure log odds ratio.9 In an unmatched case-
control study, a prospective model using a standard uncon-
ditional logistic regression (ie, fitting the model with D as the
dependent and X as the independent variables) still provides
a valid estimate of the disease-exposure odds ratio except for
the intercept term, if there is no selection bias.10 Therefore,
the prospective analysis with unconditional logistic model is
valid in unmatched cohort, unmatched case-control, and
matched cohort studies. In matched case-control studies,
however, prospective analysis with unconditional logistic
models may introduce additional biases due to model mis-
specification.2 In special situations where matching variables
are categorical or the log odds ratio �1 is close to zero, this
bias is minimal.2 Conditional likelihood approach has been
used to analyze this kind of data; fortunately, the prospective
analysis works for conditional logistic regression in the
matched case-control data as well.11 Alternatively, one can
apply retrospective analysis to matched case-control studies.8

This setting requires either parametric models with an explicit
term of matching effect fully specified, or more complicated
multivariate models accounting for matching sets. Different
types of exposure may require different models.

The Conditional Logistic Regression
Model (CL)

The conditional likelihood for matched case-control
data is as follows,

Lc��� � �
i � 1

m

{exp��1Xi1 � �2
TWi1���j�1

n�i�exp��1Xij � �2
TWij�}.

The g(Z) terms are cancelled out within each stratum and thus
there is no need to estimate the nuisance parameters corre-
sponding to the matching factors in this likelihood. The
conditional maximum likelihood estimate for � is a solution
to the first derivative of the logarithm of Lc(�), the condi-
tional score function, equal to zero. This score function is
equivalent to the one in Cox regression; the conditional
likelihood is conditional on the matched sets whereas the
partial likelihood of the Cox model is conditional on the risk
sets. Any software package handling the Cox model can also
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handle conditional logistic regression. Note that the matched
case-control data that contains more than one case in a
stratum is equivalent to survival data with “tied deaths” (more
than one person died at the same time). Since the number of
observations is small within a matched set (eg, for 2:2
matching, there are only 4 observations in a matched set),
approximate methods for handling “tied deaths” for large
samples using the default settings of Cox model in most
software packages are not applied in conditional likelihood;
an exact method handling discrete “tied survival time” in the
Cox model is needed to estimate � in conditional logistic
regression for data with more than one case per stratum.

The Retrospective Models of the GEE for
Matched Case-Control Data

In the retrospective version of GEE for correlated out-
comes, one estimates the disease-exposure log odds ratio, simul-
taneously taking into account the matching effect by estimating
additional parameters for the correlations within the clusters. Let
á be the vector of parameters for association of X between case
and control within a stratum. The “prospective analysis” on
matched case-control data would not work in the GEE because
á would not be estimable due to the identical values at the first
time point (all cases have an “outcome” of one) and at the
second or further time points (all controls have an “outcome” of
zero) within the same stratum. To estimate the disease-exposure
odds ratio with the GEE we now consider the following 2
retrospective models with logit link,

ln{P�Xij � 1|Dij,Wij,Zi�/P�Xij � 0|Dij,Wij,Zi�} � �0 � �1Dij � �2
TWij, (2)

and

ln{P�Xij � 1|Dij,Wij,Zi�/P�Xij � 0|Dij,Wij,Zi�} � �0 � �1Dij � �2
TWij � �3�Zi�.

(2a)

We estimate an additional vector of the parameters, �, which
quantifies the association between Xij and Xil in the same
stratum i for j � l.

The exp(�1) in equations (2) and (2a) is the disease-
exposure odds ratio of interest, namely, exp(�1) in equation 1.
The association parameters, �, may be formulated in several
ways, for example, in terms of correlations6 or odds ratios.12

In a special case with only 2 correlated values within a cluster
(1 case and 1 control each matched set), only 1 � parameter
needs to be estimated. Note that the equation (2) does not
include the term �3�Zi� and at the first glance the matching
effect seems not to be adjusted for. In fact, the association
vector of the � parameters quantifies the matching effect Z in
a different way, and the � and �3�Zi� are traded off. Under the
circumstances in equation (2a) which estimates both � and
�3�Zi�, we will expect to find no substantial differences in the
parameter estimate �1 between models by equation (2) and by
equation (2a).

The above retrospective GEE model can be generalized
and applied to an exposure variable that belongs to an
exponential family such as binomial, normal, Poisson, and
gamma distributions.

The main mean model in equation (2a) can be rewritten as

h��� � �0 � �1Dij � �2
TWij � �3�Zi�, (3)

where � is the expected value of X and h(.) is a link function
in generalized linear models.

When the exposure variable X is normally distributed,
the relationship between � and � is �1 � �1/�2 and �2 is the
variance of X.13

The Simulation
We simulated the model with one continuous matching

variable, Z, and 2 covariates, X and W. The X was the
exposure of interest, and the W was a potential confounder.
The values of the matching variable (Z) mimic the age
distribution of the matched case-control study investigating
the protective effect of alcohol consumption on stroke in a
multirace/ethnicity area.14 We first generated W given Y and
Z, then generated X given W, Y, and Z; several steps of the
Bayes’ rules were applied. The design and details of the
Bayes’ steps in this simulation study are similar to the ones in
previous papers that studied missing covariates13 and selec-
tion bias15 for matched case-control data. When the exposure
variable is binary, all retrospective models by GEE are also
logistic models, as shown in the previous sections. We also
simulated a special case of continuous X that is normally
distributed with a mean of zero and a standard deviation of
one. In practice, any normally distributed variable can be
transformed into this standardized variable. The true param-
eters for �1 were set up as 0.7 and 1.6 (the disease-exposure
odds ratio is approximately 2 and 5, respectively). The
retrospective models with normal X were fitted by GEE with
identity links and normal distributions. The W was binary and
�2 was 1 (odds ratio is approximately 2.7). We considered the
situations for 1-to-1, 1-to-2 matching, and mixture of 1-to-1
and 1-to-2 matching, with sample sizes 100, 200, and 500,
respectively. Since the results had similar trends, we report
the results only for one-to-one matching with 500 strata and
the results for the worst situation, with 100 strata. We
generated the data with 10% and 30% chance for missing
values on X with the mechanism missing set to be completely
at random.16 For each combination of these scenarios, 2000
replicated samples were generated and analyzed by condi-
tional likelihood and the GEE with and without matching Z in
the models. The association parameter � was set up as a
uniform correlation coefficient. We also experimented with
other forms of � such as odds ratio.12 However, the choice of
form for � does not change the results substantially in our
simulations.

Several summarized measures from the simulation are
presented in the tables. Let �̂1 be a parameter estimate of
disease-exposure log odds ratio. The mean �̂1 is the average
of �1 estimates from the 2000 generated samples. The abso-
lute relative bias is calculated by the absolute value of (mean
�̂1 � true �1/(true �1). The mean standard error of �̂1 is the
square root of the average of estimated asymptotic variance
of �̂1. For conditional likelihood, the asymptotic variance is
the inverse of the first derivative of the conditional score
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function. For the GEE, the asymptotic variance is referred to
as the “sandwich” or “robust” variance estimate based on the
quasi-likelihood.6 The simulation standard error of �̂1 is the
square root of the variance of all simulation �̂1. These 2
standard errors of �̂1 are compared to verify the asymptotic
properties of the variance estimates of the above models on
different situations. Since standard errors are associated with
the mean of the estimates even when the sample size are the
same, the coefficient of variation (CV) type of measure is
presented, which is calculated by �(simulation standard error
of �̂1)/(mean �̂1)	 as a percentage. To compare the relative
efficiency of the estimates among different analyses, the
“relative CV” is calculated by taking the ratio of each CV to
the one obtained by conditional likelihood for data without
missing values; a number greater than 100% refers to a bigger
variation of the estimates relative to the one in conditional
likelihood for complete data. The 95% coverage percentage is
calculated by observing how many times the true parameter
was contained in the confidence intervals generated. All
computations were performed using the SAS 8.2 statistical
software package (SAS Institute Inc., Cary, NC). The condi-
tional likelihood and GEE were estimated by the procedures
PHREG and GENMOD, respectively.

RESULTS
Tables 1 and 2 show the simulation results for matched

case-control data based on 2000 replicated samples each with
500 strata. Table 1 is performed on data with binary exposure
variable and Table 2 is for standard normally distributed X.
The results from these 2 situations are similar. For both
conditional likelihood and GEE, regardless of type of match-
ing or existence of missing covariate, the mean �̂1 is close to
the true parameter. The values of absolute relative bias range

from less than 0.1% up to 2%. The mean standard error of �̂1

is approximately equivalent to the simulation standard error
of �̂1 for the same model. The asymptotic variance estimates
of �̂1 are valid both for conditional likelihood and for the
GEE on matched case-control data. The 95% coverage per-
centages are all close to 95%. As one expected, the perfor-
mance by the GEE with and without Z terms in the models
are very similar in our simulations. The variation of the
parameter estimates (in terms of relative CV for comparison
purpose) by the GEE are generally smaller than the ones by
the GEEs applied for the same data. These efficiency losses
are more substantial when data contain incomplete matched
sets, and these losses increase as the magnitude of the
association increases, as the proportions of the missing co-
variates increases, and as the numbers of matching strata
decreases.

Table 3 shows the measures of performance by condi-
tional likelihood and GEE excluding the Z terms for data with
100 strata. Patterns are similar to those in previous tables. The
absolute relative bias for data with 100 strata is not as small
as those for 500 strata due to the fact that relatively small
numbers of strata require more replications to converge to the
true parameter. Given the same numbers of cases, the esti-
mate of �̂1 is more efficient for 1-to-2 matching data than for
1-to-1 matching. Note that in the case of �1 � 1.6 for the
1-to-1 matched data with 30% missing covariates (equivalent
to complete data with 70 strata), the conditional likelihood
approach estimates extreme values of �̂1 thus producing
unusually large standard errors.

DISCUSSION
The simulation results show that both conditional like-

lihood and the retrospective GEE produced consistent point

TABLE 1. A Comparison of the Estimates Obtained by Conditional Likelihood and by Longitudinal Approaches: Simulation
Results for 500 Strata With 1-to-1 Matching: Binary X

Models

�1 � 0.7, X is Dichotomous �1 � 1.6, X is Dichotomous

Mean
�̂1

†
Abs. Rel.

Bias†
Mean

Stderr �̂1
‡

Simulation
Stderr �̂1

‡
CV

(%)‡
Rel.
CV‡

95% Cov
(%)§

Mean
�̂1

†
Abs. Rel.

Bias†
Mean

Stderr �̂1
†‡

Simulation
Stderr �̂1

†‡
CV

(%)‡
Rel.
CV‡

95% Cov
(%)§

CL 0.708 0.011 0.147 0.144 20.3 1.000 95.9 1.619 0.012 0.187 0.187 11.6 1.000 95.3

GEE(1) 0.699 0.001 0.137 0.134 19.1 0.941 95.9 1.596 0.002 0.159 0.158 9.9 0.855 95.7

GEE(2) 0.707 0.010 0.138 0.136 19.2 0.944 96.0 1.612 0.008 0.161 0.160 9.9 0.859 96.2

CL0.1 0.708 0.011 0.155 0.152 21.5 1.061 95.5 1.620 0.012 0.197 0.197 12.2 1.054 95.8

GEE(1)0.1 0.698 0.002 0.140 0.138 19.8 0.973 95.6 1.595 0.003 0.163 0.163 10.2 0.882 95.6

GEE(2)0.1 0.707 0.009 0.142 0.140 19.8 0.975 95.8 1.612 0.007 0.165 0.165 10.2 0.885 95.4

CL0.3 0.714 0.020 0.177 0.175 24.5 1.205 95.5 1.628 0.018 0.225 0.225 13.8 1.198 95.8

GEE(1)0.3 0.699 0.001 0.148 0.146 20.9 1.031 95.4 1.597 0.002 0.173 0.172 10.7 0.930 95.4

GEE(2)0.3 0.707 0.010 0.150 0.148 21.0 1.033 95.3 1.613 0.008 0.175 0.174 10.8 0.932 95.6

*CL indicates conditional likelihood; GEE(1), GEE(2): Retrospective GEE models without Z (1) and with Z (2) in the models. The models with no subscript are complete data
and those with subscripts are incomplete data with 0.1 and 0.3 missing X.

†Mean �̂1 is the average of �1 estimates. “Abs. Rel. Bias” is calculated by absolute value of (mean �1 estimates - true parameter)/(true parameter).
‡Mean Stderr �̂1 is the square root of the average of estimated variances of �̂1(details in texts). Simulation Stderr �̂1 is the square root of variance of all simulation �1 estimates.

CV is calculated by (simulation standard error of �̂1)/(mean �̂1) in percentage. Rel. CV is the ratio of CV of each other situations to the one of CL with full data.
§95% Cov is the coverage percentage calculated by observing how many times the true parameter was contained in the confidence intervals generated.
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estimates of the parameter in matched case-control data. This
consistency property depends on correct specification of the
mean model in these 2 approaches. Both approaches are
robust on specification of the matching effect g(Z) in equation
(1) since they have implicitly taken into account the effect of

matching effect by conditioning or by estimation of the
working correlation parameters �. Data with unquantified
matching factors such as neighborhood or friend matching
can be applied. The conditional logistic regression model is a
special case of the family of random effect models with

TABLE 2. A Comparison of the Estimates Obtained by Conditional Likelihood and by Longitudinal Approaches: Simulation
Results for 500 Strata With 1-To-1 Matching: Normal X

Models*

�1 � 0.7, X is Normal �1 � 1.6, X is Normal

Mean
�̂1

†
Abs. Rel.

Bias†
Mean

Stderr �̂1
‡

Simulation
Stderr �̂1

‡
CV

(%)‡
Rel.
CV‡

95% Cov
(%)§

Mean
�̂1

†
Abs. Rel.

Bias†
Mean

Stderr �̂1
‡

Simulation
Stderr �̂1

‡
CV

(%)‡
Rel.
CV‡

95% Cov
(%)§

CL 0.706 0.008 0.084 0.080 11.4 1.000 95.9 1.623 0.015 0.158 0.155 9.5 1.000 95.8

GEE(1) 0.702 0.003 0.066 0.065 9.2 0.810 95.6 1.612 0.007 0.068 0.067 4.1 0.434 94.8

GEE(2) 0.699 0.001 0.066 0.065 9.2 0.812 95.5 1.599 0.001 0.067 0.066 4.1 0.435 95.3

CL0.1 0.706 0.009 0.089 0.085 12.0 1.056 96.2 1.627 0.017 0.167 0.164 10.1 1.059 96.1

GEE(1)0.1 0.703 0.004 0.068 0.066 9.5 0.832 95.7 1.612 0.008 0.069 0.068 4.2 0.445 95.1

GEE(2)0.1 0.700 0.000 0.068 0.066 9.5 0.833 95.3 1.600 0.000 0.069 0.068 4.3 0.446 94.9

CL0.3 0.709 0.013 0.101 0.099 13.9 1.224 95.7 1.636 0.022 0.192 0.191 11.7 1.228 95.6

GEE(1)0.3 0.704 0.006 0.072 0.071 10.1 0.888 95.3 1.613 0.008 0.074 0.073 4.5 0.476 94.8

GEE(2)0.3 0.701 0.001 0.072 0.071 10.1 0.885 95.4 1.601 0.001 0.073 0.073 4.5 0.476 95.0

*CL indicates conditional likelihood; GEE(1), GEE(2): Retrospective GEE models without Z (1) and with Z (2) in the models. The models with no subscript are complete data
and those with subscripts are incomplete data with 0.1 and 0.3 missing X.

†Mean �̂1 is the average of �1 estimates. Abs. Rel. Bias is calculated by absolute value of (mean �1 estimates - true parameter)/(true parameter).
‡Mean Stderr �̂1 is the square root of the average of estimated variances of �̂1 (details in text). Simulation Stderr �̂1 is the square root of variance of all simulation �1 estimates.

CV is calculated by (simulation standard error of �̂1)/(mean �̂1) in percentage. Rel. CV is the ratio of CV of each other situations to the one of CL with full data.
§95% Cov is the coverage percentage calculated by observing how many times the true parameter was contained in the confidence intervals generated.

TABLE 3. A Comparison of the Estimates Obtained by Conditional Likelihood and by Longitudinal Approaches: Simulation
Results for 100 Strata

Models*

�1 � 0.7, X is Dichotomous, 1-to-1 Matching �1 � 1.6, X is Dichotomous, 1-to-1 Matching

Mean
�̂1*

Abs. Rel.
Bias*

Mean
Stderr �̂1*

Simulation
Stderr �̂1*

CV
(%)*

Rel.
CV*

95% Cov
(%)*

Mean
�̂1*

Abs. Rel.
Bias*

Mean
Stderr �̂1*

Simulation
Stderr �̂1*

CV
(%)*

Rel.
CV*

95% Cov
(%)*

CL 0.737 0.052 0.341 0.352 47.8 1.000 95.3 1.689 0.056 0.449 0.462 27.4 1.000 96.3

GEE(1) 0.714 0.020 0.308 0.318 44.5 0.932 94.7 1.628 0.017 0.363 0.373 22.9 0.837 94.9

CL0.3 0.747 0.066 0.419 0.451 60.4 1.265 95.3 1.845 0.153 240.040 1.628 88.2 3.224 97.4

GEE(1)0.3 0.714 0.020 0.336 0.350 49.1 1.027 93.8 1.633 0.021 0.396 0.408 25.0 0.913 94.6

�1 � 0.7, X is Dichotomous, 1-to-2 Matching �1 � 1.6, X is Dichotomous, 1-to-2 Matching

CL 0.730 0.043 0.284 0.285 39.0 1.000 95.4 1.656 0.035 0.364 0.379 22.9 1.000 94.8

GEE(1) 0.720 0.028 0.269 0.270 37.5 0.960 94.9 1.629 0.018 0.330 0.340 20.9 0.912 94.8

CL0.3 0.735 0.050 0.343 0.340 46.2 1.185 95.3 1.674 0.046 0.446 0.468 28.0 1.221 96.0

GEE(1)0.3 0.721 0.031 0.290 0.289 40.1 1.027 95.1 1.632 0.020 0.354 0.361 22.1 0.965 95.5

�1 � 0.7, X is Normal, 1-to-1 Matching �1 � 1.6, X is Normal, 1-to-1 Matching

CL 0.721 0.031 0.196 0.201 27.8 1.000 95.3 1.728 0.080 0.419 0.450 26.0 1.000 96.3

GEE(1) 0.699 0.002 0.148 0.151 21.6 0.776 94.6 1.609 0.006 0.151 0.154 9.5 0.367 94.9

CL0.3 0.741 0.058 0.242 0.254 34.3 1.233 95.9 1.968 0.230 1832.240 5.318 270.2 10.376 96.6

GEE(1)0.3 0.698 0.003 0.161 0.165 23.6 0.849 94.1 1.608 0.005 0.164 0.167 10.4 0.400 94.1

�1 � 0.7, X is Normal, 1-to-2 Matching �1 � 1.6, X is Normal, 1-to-2 Matching

CL 0.721 0.029 0.156 0.157 21.9 1.000 96.0 1.679 0.049 0.291 0.308 18.3 1.000 96.0

GEE(1) 0.706 0.008 0.127 0.125 17.8 0.813 94.9 1.616 0.010 0.130 0.129 8.0 0.436 94.7

CL0.3 0.732 0.046 0.190 0.196 26.8 1.228 96.2 1.724 0.078 0.376 0.406 23.6 1.286 96.5

GEE(1)0.3 0.705 0.008 0.138 0.138 19.6 0.897 94.6 1.616 0.010 0.140 0.142 8.8 0.479 94.3

*All notations for model abbreviations and measures for simulation performance are the same as those in table 1 and table 2.
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random intercept, except that the random effect is condi-
tioned, and therefore does not require any specification of the
form or distribution of the effect of Z. The GEE model is a
population-average model based on quasi-likelihood with
robust variance estimator. The correct specification of �
affects only the efficiency of the parameter estimates in these
retrospective models. In a situation where the term �3�Zi� in
equation (2a) can fully quantify the matching effect and is
correctly specified, a likelihood method using retrospective
unconditional logistic regression with explicit parametric
term �3�Zi� is valid, too. However, the GEE is more robust in
terms of the specification of matching effect.

The estimates produced by conditional likelihood gen-
erally have larger standard errors than those obtained by
GEE. These relative losses in efficiency are more substantial
when data contain incomplete matched sets, or when the data
have small matching strata. The GEE approach utilizes the
incomplete strata as well as the matched sets with identical X
values. On the other hand, the conditional likelihood ap-
proach utilizes only the complete matching sets with discor-
dant values of the X; in other words it uses only the “longi-
tudinal information” (ie, the information within the same
matched set), not the “cross-sectional information.”7 Previous
studies shows that bias arises in the estimates by conditional
likelihood when number of discordant pairs is small even in
a simple matched-pair study without confounding, selection
bias, and measurement error.17 This efficiency loss also
increases as the magnitude of the association (�1) increases.
Imagine that in a simple McNemar �2 analysis for a paired
matching design without W, and given the same total number
of discordant pairs, an increase of odds ratio (exp(�1)) cor-
responds to a greater difference between the frequencies in
one of the discordant cell over the one in the other discordant
cell. When the total number of discordant pairs is small, the
frequency in one of the discordant cells could be very low
(the extreme situation is a zero cell) which could produce
very unstable estimates of the odds ratio. Given the same
number of cases, the efficiency can be improved by including
more controls in the strata under this potential “sparse data”
problem (Table 3).

In general, the estimates by both conditional likelihood
and those by retrospective GEE are consistent, and the GEE
generally obtained more efficient estimates. Especially in
relatively smaller sample size, the GEE has fewer computa-
tion problems. However, the GEE approach in our study was
focused on an exposure variable and disease status adjusting
for matching and other confounding variables—ie, except for
the exposures, all other variables are not of interest and are to
be adjusted for. If multiple exposure variables are of interest
and are to be estimated simultaneously, the retrospective
models require more complicated multivariate models or
several models. The performance of models in these situa-
tions needs further study. In such situations, the conditional
likelihood approaches with prospective analysis are still pre-
ferred when number of informative strata is large.

Another approach that utilizes the observed values in
incomplete strata more efficiently is to merge neighboring
strata with similar values of the matching variables.18 Once

the strata become completed (ie, all with at least 1 case and
1 control), the merged strata can be included in the condi-
tional logistic regression analysis. When continuous match-
ing variables are involved, however, arbitrariness of grouping
or the possibility of an outlier might produce different esti-
mates. Instead of combining strata, one can also apply several
methods for small-sample bias correction in a simple
matched-pair data without confounding, or turn to Bayesian
types of methods.17

In this simulation study, data missing completely at ran-
dom were generated. We also performed a simulation study on
1-to-1 matched data with 500 strata for each of 2000 replications
using a mechanism of missing-at-random (missing not depend-
ing on unobserved values but depending on variables of interest;
eg, probabilities of missing are different between case and
controls in case-control study; for details of the missing value
mechanisms see reference 16). The probability of missing X was
assumed to be 0.1 for W � 1 in the controls, 0.9 for W � 0 in
the cases, and 0.5 for both W � 1 in cases and W � 0 in controls,
ie, the missing of X depended on the values of W and D.
Numerically, the simulation results under this condition (table
not shown) show a similar behavior to the reported tables.
Nevertheless, the longitudinal models in theory does not always
produce consistent estimates for data missing at random.7 Sta-
tistical methods have been proposed to handle data that are
missing at random for conditional logistic regression14,19,20 and
for the GEE.21,22 However, software performing this task is not
yet commercially available.
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ORIGINAL ARTICLE

Properties of 2 Counterfactual Effect Definitions of a
Point Exposure

W. Dana Flanders* and Mitchel Klein†

Abstract: As recognized for more than 2 decades, the way to define
effects of an exposure may be unclear if the effects are conditional
on occurrence of prior events. Since age-specific rates are inherently
conditional on survival to the age for which rates are calculated,
age-specific rate ratios may be misleading. We consider this problem
in the context of a point exposure and an unmeasured risk factor that
is independent of the exposure, together with potential outcome
models and associated counterfactual effect definitions. The meth-
ods apply to a recurring exposure that “tracks” over time, as well as
to more complicated situations (although additional issues may then
arise). We identify and evaluate 2 seemingly-natural ways that the
population effects of a point exposure might be defined. At least one
definition of the population effects of a point exposure is identifi-
able, while another natural definition is not identifiable. We describe
possible implications of these definitions for the distortion of time-
specific rate ratios that can occur with passage of time. We discuss
interpretation of effects for each definition, and how the definitions
are related to selection bias as recently defined by Hernán et al
(Epidemiology. 2004;15:615–625). We present implications for
study design, and make several recommendations. Problems may be
reduced or avoided by starting follow-up before onset of exposure
and by using survival curves to compare exposed with unexposed.

(Epidemiology 2007;18: 453–460)

Results of epidemiologic studies and clinical trials are often
reported as estimations of effects over time.1 Such esti-

mations can involve age- or time-specific incidence rate differ-
ences or rate ratios, as with proportional hazards models.2

Descriptive studies also estimate age- or time-specific rates
and ratios.

The importance of properly estimating and accounting
for effects over time is illustrated by the recent controversy
surrounding hormone replacement therapy (HRT) in post-
menopausal women.3,4 Here, the apparent benefit of HRT in
reducing risk of cardiac events suggested by observational

studies was contradicted in clinical trials. Subsequently, Pren-
tice et al compared hazard ratios from clinical trials with
those from observational studies in similar populations, and
suggested that discrepancies were largely explained by ap-
propriately accounting for time since initiation of treatment
and by adjusting for confounding.3,4

Important limitations of time-specific measures, such as
rate ratios, are recognized. For example, rate (hazard) ratios
and conditional risk ratios (their discrete counterparts), are
potentially biased estimates of effect if any risk factor is
unmeasured even if initially independent of the exposure.5,6

This bias can be seen to arise because of conditioning on a
collider.6 These and closely-related biases have been dis-
cussed in the context of frailty models7–10 or estimating the
etiologic fraction.11–13 Bias can be severe enough that ob-
served rate ratios are less than 1.0 in later time periods even
if exposure is never beneficial.5–7

Counterfactual reasoning has provided much insight
and furthered understanding of causal reasoning, definitions
of effect, confounding, and bias.1,6,13–15 For a dichotomous
exposure, the counterfactual approach defines the effect of ex-
posure as the contrast in disease occurrence among the exposed
with what it would have been if, contrary to fact, the exposed
had been unexposed. Such definitions are counterfactual
because at least one of the contrasted conditions is contrary to
fact and unobservable.

In this manuscript we use counterfactual reasoning to
explore the biases and limitations inherent in estimating
time-specific effects. We start from fundamentals by consid-
ering the definition of effects. We show that the effects in a
seemingly natural definition are not estimable, and that the
rate ratio can be a biased estimate of those effects, even in an
experiment. An alternative definition yields a population
effect that is validly estimated by contrasts of observable
cumulative risks.

To motivate our consideration of effect definitions, we
start with a hypothetical example patterned after observations
of cardiac events reported from the Women’s Health Initia-
tive that included a randomized clinical trial (RCT) of estro-
gen plus progestin in postmenopausal women.3,4,16

Example
We consider a hypothetical RCT in which half the

participants are randomized to treatment, and the other half to
placebo (Table 1). In this RCT, the numbers of events in the
first period and the hazard ratios for the first 3 periods are
similar to those reported in the WHI clinical trial.16 However,
we have modified the “data” in several ways: the numbers in
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each group are exactly equal initially; additional follow-up is
included so that censoring, (which could introduce additional
complexity2,17) occurs only after 8 years; and the time peri-
ods are equal.

Several measures of association are summarized in
Table 1. The cumulative risk for each time period is the
proportion of each group that has experienced an event during
or before that time period. For example among the treated
individuals, a total of 135 (80 � 55) people had experienced
an event during or before year 3–4, so that the cumulative
risk is 0.0163 (135/8300). Treatment in this example has a
deleterious effect on occurrence of coronary events: cumula-
tive risk is higher and survival is lower at every time among
the treated than among the untreated (ignoring random vari-
ability).

If we were interested in questions such as whether the
treatment continued to have a harmful effect among long-
term users, we might be tempted to compare conditional risks
(conditional risk calculated as the number of events at a given
time divided by the total who were at risk for the event at that
time). Such comparisons might suggest, apart from variabil-
ity, that treatment has become beneficial among those who
survive beyond year 5, since the conditional risk ratio is less
than 1.0 in the last 2 periods (Table 1).

This conclusion could be erroneous as we now show.
These same results could be observed even if treatment had
only harmful effects. We assume exchangeability1,14,15 of the
treated and untreated immediately after randomization. Ex-
changeability means that risks in the untreated group equal
the risks that would have been seen in the treated group had
the latter been (contrary to fact) untreated. In other words, the
untreated group is comparable and provides “substitute” in-
formation.14 Exchangeability is made more plausible by the
randomization, because risk factors should tend to be equally
distributed across treatment groups. Alternatively, we would
reach the same conclusions if the observations for the treated
group represented the expected values, and the observations
for the untreated were the counterfactual expected values
(what would have happened among the treated if they had
been untreated).

We suppose that treatment acted by advancing the time
of the coronary event of some treated subjects, for example “by
an acceleration of events in earlier years among susceptible
women assigned to postmenopausal hormone therapy.”16

Using our exchangeability assumption (and ignoring random
variation), we can see from Table 1 by referring to the
untreated group, that 47 of those treated would have had the
event in the years 1–2 had they been untreated. When num-
bers from the untreated group are applied to the treated group
in this way, the numbers are “counterfactual” since they
pertain to a condition that differs from the condition that
actually occurred.15 The observed treatment effect could be
produced by advancing time of occurrence of coronary events
to earlier times. For example, a shift of 33 of the 44 events
that occurred at year 3–4 to year 1–2 would produce the
observed numbers of events in the treated group at year 1–2
(Table 1). Similarly, an advance of 44 of the 93 events at year
5–6, added to the 11 events remaining at year 3–4, (44–33)
would produce the observed treatment effect (55 events) at
year 3–4, and so forth. We have assumed that treatment has
no effect for all others.

Note that the observed conditional risk ratios are less
than 1.0 for years 5–6 and 7–8, even though treatment has
had only deleterious effects in some and no effects in others.
Further, had an observational study enrolled only those under
treatment more than 4 years, only the latter patterns would be
observed, and all conditional risk ratios would be less than
one, possibly leading to the erroneous conclusion that treat-
ment was beneficial. This design—enrolling some who have
already been exposed for some time—may not be uncom-
mon. For example, the design may be a feature of some
cohort studies, including some studies of postmenopausal
estrogen use.3,18 Age-specific rate ratios at older ages could
potentially suffer the bias described here even in an experi-
ment in which estrogen use had been randomized at an earlier
age. Most case–control studies that seek to estimate age-
specific rate ratios for an early exposure, perhaps with risk set
sampling,19 could also be vulnerable to this bias.

The bias may also be understood by explicitly recog-
nizing that the population is likely to be heterogeneous with

TABLE 1. Example Summary Observations for a Hypothetical Clinical Trial

Measure Treatment Year 1–2 Year 3–4 Year 5–6 Year 7–8

No. events*/No. at risk† Untreated 47/8300 44/8253 93/8209 70/8116

No. events*/No. at risk† Treated 80/8300 55/8220 65/8165 60/8100

Cumulative risk Untreated 0.0057 0.0110 0.0222 0.0306

Treated 0.0096 0.0163 0.0241 0.0313

Risk ratio (cumulative risk) 1.70 1.48 1.09 1.02

Conditional risk (each time point) Untreated 0.0057 0.0053 0.0113 0.0086

Treated 0.0096 0.0067 0.0080 0.0074

Conditional risk ratio 1.70 1.26 0.70 0.86

Number of events advanced by treatment‡ 433 444 416

*Number of coronary events in each period.
†Number at risk for event at start of each period.
‡Number of people in whom treatment advances the time of event by 1 period.
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respect to one or more risk factors: a subset of the population
may have an unmeasured risk factor U, while others do not.
Because of randomization, the risk factor U should initially
be unrelated to the randomly assigned treatment. However,
among those who survive the passage of time, U can become
unequally distributed with respect to treatment because sur-
vival is affected by both treatment and U.6,20 Here, survival is
a common effect of both treatment and U, which is referred
to as a collider in the DAG literature20; conditioning on the
collider will tend to induce an association.5,6,20 This unequal
distribution of U tends to create confounding in later time
periods5,6, and illustrates how measures such as condi-
tional risk ratios can be biased estimators of time-specific
effects.5,9 –12,21,22

In this example, we argued for the existence of possible
bias without explicitly defining the effect of interest. To
understand the bias further, we now explicitly consider this
issue by giving 2 possible effect definitions. Because of
the central role of counterfactual reasoning (accepted by
many14,15,23–25 but not all26), we turn to the counterfactual
perspective to define time-specific effects. We then investi-
gate how the defined effects relate to conditional and other
time-specific risk differences.

Two Counterfactual Effect Definitions
We consider discrete time (say 0, 1, 2, and 3�) and a

dichotomous point exposure received at baseline (time 0). We
give 2 alternative definitions for the effects at time 2, using
counterfactual reasoning. The 2 definitions differ because of
differences in the population of interest, the target popula-
tion,14 each of which is a different subgroup of the exposed
cohort. The definitions are:

Target Population 1 (“Full” Population)
All in the cohort who are exposed at time 0 without

regard to subsequent survival.
Definition 1. The causal risk difference for the time-2 popu-
lation effect of exposure (among the exposed) is the time-2
risk among the exposed in the target population, compared
with what the risk would have been in the target population
had they been unexposed.

Target Population 2 (Surviving Population)
All in the cohort who are exposed at time 0 and die at

time 2 or later (exposed survivors).
Definition 2. The causal risk difference for the time-2 popu-
lation effect of exposure (among the exposed survivors) is the
time-2 risk in the target population (exposed survivors),
compared with what this risk would have been in the target
population had they been unexposed.

Both definitions are clearly stated using counterfactu-
als. In the next section, we define a potential outcome model,
and use it to explore properties of these 2 definitions and
relationships with conditional risk differences.

Potential Outcome Model and Effects
Over Time

We now use a counterfactual (potential outcome)
model to evaluate the implications of these definitions and to

express the defined effects in terms of the model parameters.
(References 1, 15, 25, 27, 28 have useful definitions and
applications). We consider a situation much like that in the
example above—a harmful, dichotomous point exposure,
randomized and given at time 0, with follow-up to identify
deaths at times 1, 2, and 3�. Each individual m has a time of
death Tme that would occur when exposure E � e, for e � 0
and 1, although we can observe time of death only under one
exposure condition. Nine response types are possible (3 death
times for each exposure condition, or 32), as summarized in
Table 2. For example, one possible type is that individual m
would die at time 1 (Tm,1 � 1) if exposed and also if
unexposed (Tm,0 � 1; Type “A,” Table 2). We label the
response types as A, B, . . , or I. To further explicate Table 2
and the potential outcome model, consider another individual,
say n, with response type B (Table 2, line 3). Individual n
would die at time 1 if exposed (Tn,1 � 1) and at time 2 if
unexposed (Tn,0 � 2). Thus, exposure advances time of death
from 2 to 1 for those with response type B. The population
frequency of response type B is pB among the exposed and qB
among the unexposed. Three types (labeled G, H, and I in
Table 2) are excluded by the assumption that E is never
beneficial—which we now adopt. In Appendix 1, we give an
equivalent probabilistic causal model.

To express population effects using the potential out-
come model, we relate these counterfactual response types
for individuals to those in the target population through the
population frequency of each type (eg, the p’s and q’s in
Table 2, similar to the p’s and q’s, in reference 15). In
particular, we now express the causal risk differences corre-
sponding to Definition 1 or 2 in terms of parameters of this
potential outcome model.

Let Ri,j,k denote the risk in target population k at time i,
if E � j, for i, j, and k in {0,1}. Some of the risks are directly
observable and are factual, but those under exposure condi-
tions other than those that actually occurred are counterfac-
tual. Under the potential outcome model, the risk at time 1
among target population 1 (the entire exposed population) is:

R1,1,1 � pA � pB � pC, (1)

and had they been unexposed would be:

R1,0,1 � pA. (2)

Note that we use “p’s” rather than “q’s” in these equations,
since the target population is the exposed.15

The risk at time 2 among target population 1 (the entire
exposed population), is:

R2,1,1 � pD � pF, (3)

and had they been unexposed:

R2,0,1 � pB � pD. (4)

Denote the time-i effect of exposure measured using
risk differences, under definition k by RDi,k, for i and k in
{1,2}. Thus, the population effects of exposure at times 1 and
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2, respectively, under this model among target population 1
(the entire exposed population) are:

RD1,1 � R1,1,1 � R1,0,1 � (pB � pC); (5)

RD2,1 � R2,1,1 � R2,0,1 � pF – pB. (6)

We can also use the potential outcome model to express
the causal risk differences inherent in effect definition 2—for
the surviving population. According to definition 2, the de-
sired contrast is the proportion of the exposed cohort surviv-
ing past time 1 who dies at time 2, compared with the
corresponding proportion if unexposed. The number surviv-
ing time 1 among the exposed (target) is proportional to
pD � pE � pF, so that the proportion of these survivors who
would die at time 2 if exposed is (pD � pF)/(pD � pE � pF).
On the other hand, the number of these same survivors who
would die in period time 2 had they been unexposed is
proportional to pD so that the proportion who would die if
unexposed is pD/(pD � pE � pF). Thus, the time-2 effect
under Definition 2 for survivors past time 1 is:

RD2,2 � (pD�pF)/(pD�pE�pF) � (pD)/(pD�pE�pF) � pF/(pD�pE�pF). (7)

The effect in Equation (7) is inherently conditional,
because it is defined as a risk among the subgroup surviving
the first period. We can also obtain Equation (7) using a
probabilistic causal model in Appendix 1, consistent with an
approach described by Pearl.25

Attempts to define effects using conditional risks as in
definition 2 for survivors, but with the target as the unexposed
who survive time 1, lead to potential inconsistencies. The
possible inconsistency arises because some of those who

would survive time 1 if unexposed may not survive if ex-
posed (by assumption, the exposure is only harmful). Ques-
tions about survival after time 1 might then involve asking
about future mortality of people already deceased. Hernán et
al discussed this issue in the context of administrative cen-
soring, accelerated time failure models and g-estimation.29

Estimation
Having expressed the causal risk differences in terms of

model parameters, we now consider estimation of these
measures from observations of the cohort. We assume that
the cohort is closed, observed from time 0–3, and large
enough that sampling variability is ignorable. Thus, observed
risks equal the corresponding expression as expressed in
terms of model parameters. The target population is either all
the exposed (definition 1) or the exposed survivors (definition
2) in the cohort.

The potential outcome model (Table 2) and the risk
measures (Equations 1–7) derived from it hold in the unex-
posed subpopulation with p’s replaced by the corresponding
q’s. We now assume that the unexposed are exchangeable
with the exposed, so that px � qx for each response type:
A, . . . , F. (In the terminology of Maldonado and Green-
land,14 the unexposed subpopulation provides substitute infor-
mation.)

Using an underline to denote observed risk differences,
the observed time-2 risk difference is: RD2 � pD � pF �
qB � qD. Under the assumption of exchangeability, the
expression simplifies to RD2 � pF � pB, which is the
population effect of exposure at time 2 according to definition
1 for the entire exposed population. Similar conclusions hold
for RD1 so that time-specific effects in definition 1 are
identified.

TABLE 2. Potential Outcome Model for Exposure (E) and Time of Death (T), Assuming Exposure
(E) is Never Harmful

Response
Type

Population
Proportion
for E � 1*

Population
Proportion
for E � 0†

Counterfactual
Death Time‡

for E � 0 or
1: Tm,e

CommentTm,1 Tm,0

A pA qA 1 1 E has no effect

B pB qB 1 2 E advances death from time 2 to 1

C pC qC 1 3 E advances death from time 3 to 1

D pD qD 2 2 E has no effect

E pE qE 3 3 E has no effect

F pF qF 2 3 E advances death from time 3 to 2

G 0 0 2 1 Excluded, E beneficial

H 0 0 3 1 Excluded, E beneficial

I 0 0 3 2 Excluded, E beneficial

*Population proportion for E � 1 is the proportion of the exposed population (E � 1) with each counterfactual response type at
time 0: pA is the proportion with response type A among the exposed, pB is the proportion with type B, and so on.

†Population proportion for E � 0 is the proportion of the unexposed population (E � 0) with each counter-factual response type at
time 0: qA is the proportion of type A among the unexposed, qB is the proportion with type B, and so on.

‡Counterfactual death time, Tm,e, is the time, for individual m, at which death will occur under exposure condition E � e (e � 0, 1). For
example, those of response type U � B would die at time 2 when exposed (T1 � 2) and at time 1 when unexposed (T0 � 1): For those with
response type B, Exposure advances death from time 2 to time 1.
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We now consider estimation of the effects in definition
2 for exposed survivors. The observed (conditional) risk at
time 2 among the unexposed who survive past time 1, still
assuming exchangeability initially and no sampling variabil-
ity, is: (pB � pD)/(pB � pC � pD � pE � pF), and the differ-
ence in observed conditional risks is:

cRD2 � (pD�pF)/(pD�pE�pF) � (pB�pD)/(pB�pC�pD�pE�pF). (8)

Comparing Equation (8), the difference of observed,
conditional risks at time 2, with Equation (7), the time-2
exposure effect under definition 2 for survivors, shows that
the desired effect is not estimated. Conceptually, this occurs
because those who survive past time 1 when exposed differ
from those who survive when unexposed, but definition 2
requires that we contrast risks in the same people (the
target)—those who would survive if exposed. Differences in
the survivors lead to different denominators in Equation (8)
compared with Equation (7).

In the example, one might have thought that the ob-
served conditional risk difference, or its ratio counterpart,
would estimate treatment effects among survivors, as speci-
fied by definition 2. Our results show that the conditional risk
difference and ratio may not estimate such effects.

Thus, effects in definition 1 for the entire population are
estimated by contrasts of the corresponding observable risks,
assuming exchangeability initially and assuming that expo-
sure is never beneficial, whereas those in definition 2 for
survivors are not estimated by such contrasts.

Model Identifiability
Although we can estimate the causal contrasts inherent

in definition 1 with the stated assumptions, all model param-
eters are not identified without additional assumptions—
different parameter values lead to the same observable risks.
In particular, we cannot estimate both pB and pF, the propor-
tions of the unexposed population for whom exposure would
advance time of death from time 2 to 1, and from time 3 to 2,
respectively. For example, observable risks are the same, but pF
differs if either: (pA � 0.10, pB � 0.05, pC � 0, pD � 0.05,
pE � 0.65, pF � 0.15), or if: (pA � 0.10, pB � 0, pC � 0.05,
pD � 0.10, pE � 0.65, pF � 0.10). This nonidentifiability differs
from the single-period situation in which the model is identifi-
able given the assumptions used here—E is never beneficial and
exposed and unexposed subpopulations are exchangeable.15

Nonidentifiability for the multiple-time situation can be under-
stood intuitively by observing that the number of deaths at time
2 among the exposed could be less than the number in the
unexposed merely because exposure served to advance the time
of diagnosis from time 2 to time 1 (as in response type B). Thus,
a relative deficit of deaths may be seen at time 2 among the
exposed, only because some who would have died at time 2
were already dead. Unless we make further assumptions, the
additional complexity and parameters associated with time-
specific effects leads to nonidentifiability of important causal
parameters.11,12,15

Despite the lack of complete identifiability, some
bounds on model parameters are possible11 (assuming, as
throughout, that exposure is not beneficial). For example, if

RD1,1 � 0 (which indicates a deleterious effect at time 1),
then the proportion of cases advanced from time 2 to time 1
is at most RD1,1. If RD2,1 � 0, then direct substitution shows
that the proportion of the population in whom exposure
causes death at time 2, pF, is bounded by:

max(0, RD2,1)�pF�RD1,1�RD2,1. (9)

Limitation of Time-Specific Risk Differences
The observed conditional risk difference (cRD2, Equa-

tion �8�) and corresponding population measure have an
important limitation—the differences can be positive, zero, or
negative, even if the exposure has no effect at time 2.5,6 (This
possibility is easily demonstrated by taking pF � 0, assuring
that E has no time 2 effect among those who would survive
if exposed. Then if pA � 0, pB � 0.10, pC � 0.5, pD � 0.10,
pE � 0.3, and pF � 0, then cRD2 � �0.05. On the other hand,
if pA � 0, pB � 0.15, pC � 0.5, pD � 0.05, pE � 0.3, and
pF � 0, then cRD2 � �0.057. Thus, E has no individual
time-2 effect on disease among survivors, but the conditional
risk difference could be either positive or negative.)

This limitation is partially shared by the (unconditional)
risk difference (Equation �6�). The risk difference can be
either negative or zero when E has no time 2 effect on those
who would survive past time 1 if exposed (pF � 0), as can be
seen by inspection of Equation (6). Thus, measures of time-
specific effects have a limitation not shared by measures of
effects for a single, cumulative time—they can be negative
even if the exposure is never beneficial.

Additional Assumption Leading to
Identifiability

We temporarily adopt the additional assumption that
exposure to E does not influence survival status at time 2 (or
later) of any subject who would survive past time 1 when
exposed. That is, E has no effects on mortality among the
exposed who survive to time 2.

With this additional assumption, pF � 0 and all param-
eters are now identifiable. For example, the observed risk
difference, RD2 now equals �pB, apart from variability.
Others have shown identifiability with alternative assump-
tions (eg, reference 17, which considers informative cen-
soring).

DISCUSSION
It might seem natural to interpret rate ratios at older

ages as estimates of effects among survivors, as in definition
2. For example, we might be tempted to interpret the reduced
associations of obesity,30 smoking,31 or hypertension32 with
mortality at older ages, as implying that the effects of these
factors had diminished or even reversed at older ages. The
counterfactual approach here shows that such rate compari-
sons do not necessarily reflect causal effects among survi-
vors6,11,12 and that a seemingly natural, carefully defined
causal effect may not be estimated by them.

Moreover, the observed “unconditional,” time-specific
risk ratio or difference (Equation �6�) can be in the opposite
direction from the true causal effect. That is, this time-
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specific risk difference, in contrast to cumulative risk differ-
ences, can be negative or zero even if exposure is never
beneficial, similar to the more general limitations noted here and
elsewhere,5,6,9,10 for conditional risk differences or ratios. The
underlying mechanism for bias in conditional measures can
conceptualized as reflecting lack of exchangeability of the ex-
posed and unexposed survivors in the presence of an unmea-
sured risk factor.6 In the potential outcome framework, the
unmeasured risk factor might be viewed as an unmeasured
predictor of specific counterfactual response types. Of course,
conditional risks are the discrete counterpart of hazards so these
limitations have implications for these measures as well.

We have also shown that time-specific, population
causal parameters are only partially identifiable, even assum-
ing initial exchangeability of exposed and unexposed, and
assuming that exposure is only harmful11,12. In particular, we
cannot identify the proportion of the population for whom
exposure would advance time of death from time 2 to time 1.
This situation differs from that in which one considers only a
single time; with multiple times, harmful effects at one time
may seem to appear as a deficit of cases at other times.
Further, we have shown that time-specific effects are identi-
fiable if we additionally assume that exposure has no effect
on those who would survive the first time if exposed. Essen-
tially, this eliminates a parameter (ie, pF � 0), allowing
identification of the remaining parameters of interest. As-
sumptions allowing identification of other time-specific ef-
fects have been reported.11,12

One of the definitions we considered, and perhaps a
particularly natural one (definition 2), is metaphysical in that
it cannot be estimated, even in a perfectly randomized trial of
exposure. This definition specifically targets effects in a
specific group of survivors, but, as noted, the unexposed and
exposed survivors may not exchangeable. Thus, the effect
does not correspond to observable contrasts of exposed and
unexposed, even in a randomized experiment. This reflects a
more general problem in which effects may be difficult to
define or interpret when their existence depends on occur-
rence of prior events, such as time-varying covariates2 or
survival. The other causal definition (definition 1), for the
entire exposed group corresponds to effects that are identifi-
able and directly observable. For a point exposure, definition 1
or contrasts of cumulative risk or survival correspond to effects
typically estimated in randomized trials and in approaches based
on structural models.11–13

To be useful, definitions, models, and effects should be
related to observables. Although effects defined for those
who survive past time 1 (definition 2) may not be directly
observable in a simple, randomized experiment,6,11,12 they
might be observable if, for example, a marker were available
that accurately indicated the response type or an intervention
that could immediately nullify any future exposure effects.
The definition has relevance, however, because it focuses on
effects that one might attempt to estimate in a cohort study in
which subjects were enrolled sometime after a past exposure.
Further, the definition does address research questions such
as: “Would the exposed survivors to time t have been better
off beyond time t if they had been exposed?” However, our

results show that the defined effect is not identifiable without
additional assumptions or other study designs, and that the
difference in observed conditional risks differs from the
defined effect. Thus, the practical utility of defining effects as
in definition 2 is uncertain despite philosophical appeal.
Definition 1, on the other hand, addresses a different research
question that might be phrased as “Would the exposed have
been less likely to die at exactly this time, had they been
unexposed?” It has the virtue of being directly estimable from
well-designed studies.

Our purpose here is to illustrate how definitions of effect
can differ, how they are related to parameters of a potential
outcome model, and how they reflect limitations of time-specific
measures such as the conditional risk difference. We offer
advice for avoiding the associated problems.11,29,33–35

We have considered a particularly simple situation in
which the outcome is all-cause mortality. Additional com-
plexity arises with censoring2,17,29,36 and for other outcomes
such as nonfatal disease. Then, time-specific risks need not
add to 1.0 over the lifetime, competing risks can affect the
risk of disease occurrence, and dependent events can obscure
the true effects of exposure.36 We have also simplified by
considering a point exposure. With an ongoing exposure,
further issues arise, including the possibilities of time-varying
confounding and reverse causality. Analyses may then need
to incorporate a structural model or other approach.17,22,34,37

Despite having treated only a relatively simple case, this
situation can approximate (or actually be) a special case of
the more general. For example, an ongoing exposure could
have effects predominantly at a young age with later expo-
sures having little impact so that effects are approximated by
an early point exposure. Thus, conclusions drawn here have
implications for more complex situations.

These conclusions naturally lead to several practical
considerations and recommendations. First, if a study is
conducted by enrolling only those who were exposed before
the start of follow-up, then all risk measures are inherently
conditional on having survived to the start of follow-up.
Attempts to estimate time-specific effects would be suscep-
tible to the problems noted here, including lack of estimabil-
ity and identifiability.12 These problems may be reduced or
avoided by starting follow-up early, preferably before expo-
sure, and studying associations using a measure other than
conditional risk differences, such as contrasts of cumulative
survival or survival curves. For an ongoing, variable expo-
sure, starting follow-up early might also allow the use of
available approaches, such as one based on structural equa-
tions potentially accounting for time-varying confounding.

This recommendation—to start follow-up at or prior to
exposure—reinforces, perhaps for different reasons, recent
recommendations of Ray38 (referenced by Prentice et al3)
Prentice and colleagues noted that one factor contributing to
discrepancies between results of observational studies and
clinical trials of HRT may have been the enrollment in the
cohort of women who had started HRT long before start of
follow-up. In this case, a deleterious effect present soon after
starting treatment may have been diluted by inclusion of
those who had already been on therapy for some time. Our
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results illustrate that such dilution could be entirely an arti-
fact.16 Perhaps the dilution and discrepancies would have
been less with enrollment of new users, as described by Ray38

and extended by Hernán et al more generally to time-varying
covariates.22

If an early start of follow-up can not be adopted, but the
goal is to estimate effects in the entire population as initially
composed, (in accordance with definition 1), then the exposed
and unexposed may be exchangeable at the time of exposure.
However, they do not necessarily have to be comparable at
the later time after follow-up has begun, as exposure can
induce differences among survivors. That is, for estimating
such effects the conceptual goal of adjusting for confounders
should be to assure exchangeability of exposed and unex-
posed populations at the time of exposure. This goal may be
aided by use of inverse probability of treatment estimators, if
survival probabilities for the initial period and other relevant
information were available. With this approach one could, if
feasible, attempt to reconstruct the initial population. On the
other hand, if the goal is to estimate effects among survivors
as in definition 2, one must realize that the effect may not be
estimable, even in randomized trials of exposure.

In summary, we have described 2 time-specific effect
definitions, and found that one is inherently metaphysical and
defines an effect that is not estimated by contrasts of the
corresponding conditional risks. The magnitude of the dis-
crepancy between this metaphysical effect and the condi-
tional risk ratio or difference is not identified without addi-
tional, unverifiable assumptions. These considerations lead to
the practical advice of carefully defining effects of interest,
starting follow-up before exposure, and using measures such
as survival curves to describe effects so that the limitations
might be avoided.
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APPENDIX
We can equivalently express the potential outcome

model used in the main text as a probabilistic causal model.25

We denote the time of disease occurrence by T � {1,2,3},
specify a dichotomous exposure by E � {0, 1}, and define the
categorical variable U to have a unique value in {A,
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B, . . . , F}. U is an unobserved, “background” variable, such
as the response type in the potential outcome model. We have
omitted an unmeasured factor that determines E, as it is not
used explicitly here. P(U � u) � pu, for u � {A, B, . . . , F}.
We define the function f mapping {U, E} 3 T by:

T � f(U, E) � 1, for (U,E) � {(A,1), (A,0), (B,0), (C,0)},

� 2, for (U,E) � {(B,1), (D,1), (D,0), (F,0)},

� 3, for (U,E) � {(C,1), (E,1), (E,0), (F,1)}.

Relationships are depicted in Appendix Figure 1. With
definition 2, we are targeting those who survive past time 1
when exposed, implying that f(U, 1) �1. These are precisely
those with U � {D, E, F}. The subset of these people who
would die at time 2 if exposed are those with U � D or F.
Thus, the conditional risk is (pD � pF)/(pD � pE � pF), the
corresponding conditional risk in this same group of survi-
vors if unexposed is (pD)/(pD � pE � pF). The contrast for the

effect in definition 2 corresponds to the difference in these
conditional risks, again yielding Equation (7).

A compact expression for these conditional risks is
P(f(U,1) � 2 f(U,1) �1) and P(f(U,0) � 2 f(U,1) �1). We
see that the conditional risk difference does correspond to a
comparison of parameters in this probabilistic causal model,
but that the comparison of observed risks may not correspond
directly to an effect such as that in definitions 1 or 2.

FIGURE 1. Causal relationships: Time to death T, a dichoto-
mous exposure E, and an unmeasured risk factor U.
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Outcome-Dependent Sampling
An Efficient Sampling and Inference Procedure for Studies

With a Continuous Outcome

Haibo Zhou,* Jianwei Chen,† Tiina H. Rissanen,‡ Susan A. Korrick,§ Howard Hu,§
Jukka T. Salonen,‡ and Matthew P. Longnecker¶

Abstract: To characterize the relation between an exposure and a
continuous outcome, the sampling of subjects can be done much as
it is in a case–control study, such that the sample is enriched with
subjects who are especially informative. In an outcome-dependent
sampling design, observations made on a judiciously chosen subset
of the base population can provide nearly the same statistical
efficiency as observing the entire base population. Reaping the
benefits of such sampling, however, requires use of an analysis that
accounts for the outcome-dependent sampling. In this report, we
examine the statistical efficiency of a plain random sample analyzed
with standard methods, compared with that of data collected with
outcome-dependent sampling and analyzed by either of 2 appropri-
ate methods. In addition, 3 real datasets were analyzed using an
outcome-dependent sampling approach. The results demonstrate the
improved statistical efficiency obtained by using an outcome-depen-
dent sampling, and its applicability in a wide range of settings. This
design, coupled with an appropriate analysis, offers a cost-efficient
approach to studying the determinants of a continuous outcome.

(Epidemiology 2007;18: 461–468)

The case–control study is a simple and familiar example of
an outcome-dependent sampling design. The case–con-

trol design is logistically and economically appealing because
observations made on a judiciously chosen subset of the
population base provide nearly the statistical efficiency of
observing the entire population base.1 The principal idea of
the case–control design and its subsequent extensions, such
as case–cohort and two-stage designs,2–7 is to concentrate
resources on observations carrying the greatest amount of
information. Related ideas of response-based sampling have
also been developed in economics and survey sampling.8–10

A unique property of the case–control design is that,
under the logistic regression model with a binary Y, the
estimated regression parameter (the odds ratio) for the expo-
sure is the same under retrospective sampling as it is under a
cohort study, with the effect of sampling confined to the
intercept.2,4 Thus, analyzing a data set from a case–control
study as if it were from a cohort study will affect only the
intercept. This property does not hold for a continuous re-
sponse variable, or for regression models that are not logistic.

While designs for studying dichotomous outcomes
have continued to develop, analogous work for studies of
continuous outcomes has lagged. As the scope of epidemio-
logic inquiry grows, so does the need for efficient approaches
to studying the determinants of the level of a continuous
outcome, especially when the measurement of exposure is
expensive.

As an example, we wanted to study in utero exposure to
background-levels of the neurodevelopmental toxicant poly-
chlorinated biphenyls (PCBs), and its relation to performance
on the Bayley Scale of Infant Development. Maternal serum
collected during pregnancy was available from a previously
completed cohort study in which Bayley Scale had been
measured. PCB concentration in the maternal serum provides
a good surrogate measure of in utero exposure.

In studies of the relation between a relatively expensive
exposure measure and the level of a continuous outcome, one
approach has been to dichotomize the outcome and conduct a
nested case–control study.11,12 Dichotomizing a continuous
outcome, however, will distort the estimand and usually will
result in a loss of information because it uses a lower-order
scale for the response.13

To reap the benefits of a reduced sample size, one can
employ outcome-dependent sampling, which is a case–
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control-like sampling adapted for continuous outcomes. Zhou
et al14 proposed a sampling scheme with 2 components. First,
an overall random sample of the population base is taken.
Second, one or more supplementary random samples are
taken, in which the probability of selection depends on the
level of the outcome variable (as with case–control sam-
pling). For example, supplementary random samples might
be taken only from the tails of the outcome distribution. In
most settings, oversampling subjects in the tails achieves
greater efficiency than a completely random sample of the
same sample size, because the “tail” observations can provide
greater influence on the parameter under study. Unlike the
case–control study, the analysis must account for the biased
sampling scheme with a continuous response to avoid biased
estimates by the regression parameters (ie, to consistently
estimate the same estimand as would have been obtained by
studying the entire population). One commonly used method
that can be adapted for this purpose is to conduct a weighted
analysis (weighted estimating equation approach), with
weights inversely proportional to the probability of being
sampled (IPW).15 Another alternative is the weighted pseudo-
likelihood method,10 which requires that one correctly spec-
ify all the underlying distributions. Misspecification of these
distributions will lead to biased and erroneous conclusions.
These methods, however, account for the sampling scheme in
only an approximate way. A more efficient analysis, based on
a likelihood function that precisely reflects the biased sam-
pling design14 has been recently developed. The likelihood
function used in our earlier paper14 reflects all observed data
and characteristics of the outcome-dependent sampling de-
sign. No additional distributional assumptions about the ex-
posure variable are needed, nor is enumeration of the base
population required (as is the case with the inverse weighting
method).

The present report builds on our previous, technically
oriented piece14 in several ways. First, we provide a more
intuitive explanation for why estimator based on outcome-
dependent sampling is statistically more efficient than the
alternatives. Our simulation study shows this efficiency under
a wide range of exposure distributions, and translates the gain
in efficiency into the reduction in sample sizes that yield
equivalent statistical power. The simulation also explores the
impact of various options in sampling, and expresses results
in terms of statistical power. The real data examples demon-
strate the wide applicability and special advantages of the
outcome-dependent sampling design and estimator.

METHODS

A Semiparametric Inference Procedure for
Outcome-Dependent Sampling With a
Continuous Outcome

In this section, we give a brief overview of the out-
come-dependent sampling design,14 and statistical inference
under such a design. Let Y denote the continuous outcome
variable and X the exposure. Assume that each Y falls into 1
of 3 mutually exclusive intervals: a lower tail strata, a middle
section strata, and an upper tail strata. The general structure

of the proposed design consists of 2 components: an overall
random sample, and a supplement random sample from each
of the 3 strata of Y. Let Ck, k � 1, 2, 3, denote the strata in
Y. The data structure in the above design is as follows: one
observes the supplement random samples conditional on Y
being in strata Ck, ie, {Yki, Xki�Y � Ck}, where i � 1, 2, . . .,
nk; one also observes an overall simple random sample whose
individuals are denoted by {Y0i, X0i}, where i � 1, 2, . . ., n0.
The total sample size in the outcome-dependent sampling
sample is therefore n � n0 � n1 � n2 � n3, where any of the
nk, k � 0, 1, 2, 3 can be zero. The above general sampling
strategy encompasses several special cases; for example,
when n1 � n2 � n3 � 0, then the outcome-dependent
sampling design reduces to the simple random sample or
cohort design; alternatively, when Y is binary and n0 � 0, the
outcome-dependent sampling design reduces to the usual
case–control design.

Denote by f��Y�X� the conditional density function for
the population, where � is the vector of regression coeffi-
cients that links exposure X and the outcome Y. Let G and g
denote the cumulative distribution and density functions of X,
respectively. The joint likelihood function, L(�), of the ob-
served outcome-dependent sampling data is

� ��
i � 1

n0

f��Y0i, X0i����
k � 1

3

�
i � 1

nk

f��Yki, Xki�Yki � Ck��
� ��

i � 1

n0

f��Y0i�X0i�g�X0i����
k � 1

3

�
i � 1

nk

f��Yki, Xki�Yki � Ck��. (1)

The component in the first bracket is data contribution to the
likelihood from the simple random sample, the second
bracket is the contribution from each of the supplement
samples. An important feature of this likelihood is easier to
appreciate if it is re-expressed. From Bayes formula,

f��Yki, Xki�Yki � Ck� � I�Yki � Ck�
f��Yki�Xki�g�Xki�

Pr�Yki � Ck�
,

(2)

where I is an indicator function for stratum membership,
Pr�Yki � Ck� involves both g and � through Pr�Yki � Ck� �
	f��Yki�x�g�x�dx. Plugging equation (2) into equation (1), the
likelihood function we began with, denoted as L(�, G) now to
reflect the dependence on the unknown distribution of X, can be
rewritten as

L��, G� � ��
k � 0

3

�
i � 1

nk

f��Yki�Xki����
k � 0

3

�
i � 1

nk

g�Xki��
��

k � 1

K

P�Yki � Ck�
� ni�. (3)
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L(�, G) now has 3 components: the specified regression
model f�(YPX) in the first bracket, the unspecified g(X) in the
second bracket, and the outcome-dependent sampling-in-
duced probability P�Yki � Ck� that ties f�(Y�X) and g(X) to-
gether in the third bracket. The first component would be the
usual likelihood function for observed data, had the sampling
been simple random sampling. The last component reflects
the biased sampling nature of the outcome-dependent sam-
pling design; ignoring it in the analysis would result in biased
estimates of �. Hence, g(X), or G, in the second bracket
cannot be simply factored out as would be the case with a
simple random sample design. Statistical inference about �,
using the standard maximum likelihood estimation method,
will depend on a known or a parameterized G. In practice,
however, G is rarely known. Misspecification of the distri-
bution could lead to an erroneous conclusion and bias the
parameter estimation. Consequently, statistical approaches
that do not rely on the extra parameterization of G are
desirable.

To estimate � without specifying G(X), Zhou et al14

developed a maximum likelihood based approach that max-
imizes L(�, G) by modeling G nonparametrically. This ap-
proach used the profile likelihood idea where it fixes � in
equation (3) and solves for an empirical likelihood estimate
Ĝ��� from a constrained likelihood function, constraints
placed on Ĝ that reflect its properties of being a discrete
distribution function, using the Lagrange multiplier tech-
nique. An explicit solution for Ĝ��� can be obtained. Plug-
ging Ĝ��� into equation (3), the Zhou et al estimator �̂Z can
be obtained, using the Newton–Raphson procedure, by max-
imizing the resulting likelihood. An explicit standard error
formula based on an asymptotic distribution has been provid-
ed.14 The statistical program for this analysis can be obtained
from the web page (www.bios.unc.edu/
zhou) or from the
authors.

The inverse-probability weighted approach of Horvitz
and Thompson15 can also be adapted in this situation by
crudely treating all observed data, including the simple ran-
dom sample, as if it were sampled from 3 strata, each with a
given selection probability. Like the Zhou et al estimator, the
inverse probability weighted approach also yields a consistent
estimate for �. This method is commonly used with data from
a 2-stage study.16,17 If all N individuals were fully observed
in the population, the log likelihood function would be

�
i � 1

N log P�yi�xi; ��. An estimate of this quantity is obtained

if we use the completely observed individuals and weight
their contributions inversely according to their selection prob-
ability into the second stage. The inverse probability
weighted estimator �̂IPW is the solution to the following
weighted score equation

1

N �
k

�
i � Ck

1

pk

�

��
P��yi�xi�

P��yi�xi�
� 0

where pk can be estimated by
nk

Nk

if there is a complete

information. Note that this method needs more information
than the likelihood approach employed by Zhou et al method
since it requires the sampling probabilities to be known.
However, since the inverse-probability weighted approach is
based on crudely accounting for the sampling scheme and on
an estimating-equations approach, it may not be as efficient
as a likelihood-based estimator. When the number of catego-
ries of Y is small, the estimating-equation method is not
efficient.18 The realistic settings for the outcome-dependent
sampling design we considered had k between 2 to 4. Gen-
erally speaking, if the same amount of information is used,
among the various statistical approaches to computing any
estimator, the maximum likelihood approach is always the
most efficient.

A SIMULATION STUDY
We designed a simulation to study the efficiency of

different methods under a variety of conditions that one might
face in real applications. The basic simulation setting is
modeled after a study by Daniels et al19 of prenatal exposure
to low levels of PCB in relation to mental and motor devel-
opment. An outcome-dependent sampling design was used in
the data collection. The data were generated according to the
following model,

Y � �0 � �1X
p � �2Z1 � �3Z2 � �4Z3 � e,

where X is the exposure variable that takes on several distri-
butions, p � 1 indicates a linear dose-response relationship
and p � 2 represents a nonlinear relationship for E�Y�X�, the
Zs are independent covariate variables, and e is a standard
normal random error. We generate X from several distribu-
tions that include normal, exponential, lognormal, and Ber-
noulli. These selections reflect possible real situations where
X could be a rare-binary variable, a continuous variable, or a
skewed variable. We generated Z1 from a binary distribution
(Bernoulli (0.45)), Z2 from a log-normal distribution (LN (0,
0.25)), and Z3 from a 3 level polynomial distribution (P(n,
0.3, 0.7)).

In our simulation, we first generated a cohort with 100,000
individuals according to the above model and drew outcome-
dependent samples from this cohort. We drew an overall random
sample of size n0, where we observed {Y, X, Z1, Z2, Z3}. We also
drew a supplemental random sample of size n1 from the lower
tail of Y defined by {Y � Y� � a � �Y} and a supplemental
random sample of size n3 from the upper tail of Y defined by
{Y � Y� � a � �Y}, where � is the standard deviation of Y and
a is a known constant. In addition to various configurations for
the parameter values, we investigated the effect of varying the
value of cut point a on the performance of the methods. We also
investigated the impact on statistical power of varying the
contribution to the total sample size from the overall random
sample and the supplement random samples (	 � n0/(n0 � n1 �
n3)). Note n2 � 0 here does not reduce the generality.

Under each setting, we compared the Zhou et al estimator,
denoted by �̂Z, with 4 other estimators: (i) the naive maximum

Epidemiology • Volume 18, Number 4, July 2007 An Efficient Approach for Continuous Outcomes

© 2007 Lippincott Williams & Wilkins 463



likelihood estimator, �̂N, based on the observed ODS data but
ignoring the sampling scheme; (ii) an inverse probability
weighted estimator (�̂IPW); (iii) the maximum likelihood
estimator based on a plain random sample of the same size as
the ODS sample (�̂P); and (iv) 2 logistic regression estimators
(�̂Lk

) based on dichotomizing a continuous Y by defining the
outcome D as D � 1 if Y � mean (Y) � k�Y and D � 0
otherwise, where k � 0, 1. The weight used in calculating
�̂IPW is the inverse of the observed probability of being
sampled in the respective strata of Y. The �N and �P estimates
are the same as the ordinary least square estimates in our
simulation setting. Each set of simulations generated 1000
data sets.

SIMULATION STUDY RESULTS
Table 1 shows the simulation results for a � 1, and (n0,

n1, n3) � (200, 100, 100) (hence 	 � 0.5) for various
exposure effects. The mean estimate given by �̂N is biased for
estimating �1 in the simulation. Thus, ignoring the sampling
scheme (�̂N) leads to a biased estimate for the exposure
effect. It is also clear from Table 1 that different dichotomi-
zation of a continuous Y will lead to various inconsistent
estimates (�̂L0

and �̂L1
) of the �1. Perhaps, more importantly,

the logistic estimators can be less able to detect the true
underlying relationship, as reflected by corresponding P val-
ues of 0.08 for �̂L1

, compared with P  0.05 for all other
methods using continuous response. We do not present re-
sults for these 2 estimators in future comparisons. The other
3 methods all yielded consistent estimates of �1. The actual

coverage of their nominal 95% confidence intervals (CIs)
coverage are all close to 95%, indicating that a good approx-
imation to the asymptotic normality is achieved with this
sample size, and the estimated standard errors (SE) are close
to the true standard deviations. Under the setting considered,
�̂Z has the smallest SE while �̂P has the largest SE. Because
�̂N is a biased estimator and its SE underestimates the true
variation, we excluded it from the further studies of sample
size and power below. The above observations are consistent
across different exposure effects listed in Table 1. Under the
same linear model but when the X term is quadratic, �̂Z is
again more efficient.

Results in the lower portion of Table 1 provide the
contrast for the normally distributed X to extreme X, namely
a skewed exposure (lognormal) and a rare binary exposure
(Bernoulli (0.05)). When compared with the Normal distrib-
uted exposure, the SE for �Z is even smaller SE in the skewed
exposure situations. For the rare binary exposure case, results
in Table 1 demonstrate that �̂Z is still the most efficient overall,
though the sample size considered was not sufficiently large
enough for any of them. This is reflected in the fact that the
estimated standard errors are bigger than the estimates of the
slope. This is not surprising because with the distribution of a
rare binary X, there may not be enough information in the data
set as X � 1 could be sparse. Future development of a modified
outcome-dependent sampling design for this situation is cer-
tainly warranted.

Figure 1 shows the power for testing H0: �1 � 0 versus
H1: �1 � true value, for n � 400 and type I error fixed at 5%.

TABLE 1. Simulation Results for Different Exposure Effects With a � 1 and 	 � 0.5

Term of X
in the Model (n0, n1, n3) �1 Methods Mean SE SÊ

95% CI
Coverage

Linear X (200, 100, 100) 0.1 �N 0.167 0.066 0.051 0.671

X 
 N(0, 1) �P 0.099 0.051 0.051 0.950

�IPW 0.101 0.048 0.047 0.938

�Z 0.101 0.040 0.040 0.947

�L0 0.237 0.113 0.107 0.756

�L1 0.221 0.131 0.128 0.852

Quadratic X2 (200, 100, 100) 0.1 �N 0.156 0.042 0.034 0.587

X 
 N(0, 1) �P 0.100 0.035 0.036 0.961

�IPW 0.101 0.034 0.041 0.975

�Z 0.100 0.029 0.029 0.950

Linear (200, 100, 100) 0.1 �N 0.137 0.026 0.021 0.554

X 
 LN(0, 1) �P 0.100 0.025 0.025 0.953

�IPW 0.102 0.023 0.028 0.977

�Z 0.101 0.020 0.020 0.947

Linear (200, 100, 100) 0.1 �N 0.166 0.299 0.234 0.863

X 
 Bernoulli(0.05) �P 0.110 0.237 0.234 0.948

�IPW 0.103 0.224 0.220 0.930

�Z 0.102 0.183 0.184 0.961

Results are based on the model Y � �0 � �1X � �2Z2 � �3Z3 � �4Z4 � e, where e 
 N(0, 1), �0 � 1.5, �2 � �0.5, �3 � 0.02 and �4 � 0.05. �N

is the estimator based on ignoring the ODS sampling scheme. �P is the maximum likelihood estimator based on a plain random sample of the same sample
size. �IPW is the inverse probability weighted estimator and �Z is the Zhou et al estimator. �L1 is estimator from a logistic regression analysis where outcome
variable to be one if Y 
 mean(Y) � �Y and 0 otherwise. �L2 is estimator from a logistic regression analysis where outcome variable to be one if Y 
 mean(Y)
and 0 otherwise.
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The points corresponding to the true value of �1 � 0 shows
the empirical type I error rate for each test. All 3 methods
yield close to 5% type I error. For all 3 estimators, as �1
increases, so does the statistical power, and the power of
�̂Z � �̂IPW � �̂P.

Table 2 shows the sample sizes required to achieve a
given statistical power for 3 values of �1 according to type of
estimator under the same settings used in the top panel of
Table 1. Use of outcome-dependent sampling with an appro-
priate estimator requires a smaller sample size. In this setting,
the �̂Z method on average needs about 60% of the subjects

who would be needed if the study were conducted with a
simple random sampling scheme; the �̂IPW method needs
about 83%. Further, for a given power, as the true value of �1
is farther away from 0, relatively fewer subjects are needed to
achieve the same power with �̂Z as compared with �̂P. That
is, efficiency increased as �1 is farther away from 0.

Figure 2 shows the impact of 2 factors in a given setting
of outcome-dependent sampling. The impact of varying a, the
cut-point that determined the strata of Y where the supple-
ment random samples were drawn, is shown in Figure 2A.
When a � 0, there was only plain random sampling, and in
this instance all 3 methods had the same power. As a
increases, however, �̂Z (solid line) has better power than the
other 2. With �̂Z, the increase in power appears to be
monotonic in a. Figure 2B shows the impact of 	, the fraction
of the overall random sample in the total outcome-dependent
sample (	 � n0/(n0 � n1 � n3)). At 	 � 1, there is no
supplemental sample and the outcome-dependent samples
are plain random samples. However, as 	 decreases to
below 0.7, �̂Z (solid curve) is again the most powerful of
the 3 estimators.

Table 3 presents different allocations of outcome-de-
pendent sampling when the exposure variable is skewed (X 

lognormal). Compared with the results in the lognormal panel
of Table 1, we see that allocating more of the sample to the
upper tail of Y improves the efficiency. The standard error of
the slope estimator decreases as more of the sample is shifted
from the lower tail to the upper tail, ie, 0.02223 0.0201 3
0.0192 as the allocation changes (200, 150, 50)3 (200, 100,
100) 3 (200, 50, 150).

Real Data Example 1
In the motivating example noted in the introductory

text, a nested case–control study would have been imple-
mented if the outcome had been dichotomous. However, the
outcome of interest, (the score on the Bayley Scale of Infant
Development), was a continuous variable, and, treating it as
a dichotomous variable would have resulted in a loss of
statistical power. Measurements of polychlorinated biphenyls
(the exposure of interest here) are expensive; thus, minimiz-
ing sample size while maintaining power was especially
important. The authors drew a random sample of cohort
members and 2 additional random samples, one from each tail
of the outcome distribution.19 Using the inverse probability-
weighted estimator, the estimated �̂IPW was 0.47 BSID units/
�g/L PCB with estimated SE as 0.32 (P � 0.14).14 Using the
Zhou et al estimator, the estimated �̂Z was 0.44 with SE � 0.22
(P � 0.02). Using the simple random sample data alone, the �̂N
was 0.29 (SE � 0.29, P � 0.32). Daniels et al19 also examined
and confirmed the shape of the dose-response relation in both
the outcome-dependent and the simple random samples. The
example demonstrates the improved efficiency obtained by
the Zhou et al estimator.

Real Data Example 2
Rissanen et al20 examined the relation of serum lyco-

pene concentration to the thickness of carotid arteries among
1028 men in Finland. Using their data, we selected 400
samples in 2 ways. First, we selected a random sample of

FIGURE 1. Simulation results for the power of testing H0 : �1 �
0 versus H1 : �1 � true value under the model in the top panel
of Table 1. The results are based on 1000 simulations with
n0 � 200 and n1 � n3 � 100.

TABLE 2. Sample Size Needed for Testing H0 : �1 � 0 for a
Given Statistical Power for Model in Table 1

Power True �1

Sample Sizes for n

�P �IPW �Z

0.80 0.05 3000 2500 1900

0.10 790 670 470

0.15 360 310 220

0.85 0.05 3600 2900 2250

0.10 960 780 530

0.15 400 340 245

0.90 0.05 4200 3400 2500

0.10 1070 870 630

0.15 485 400 280

0.95 0.05 5100 4300 3080

0.10 1320 1080 770

0.15 625 510 350

The results are based on 1000 simulations with a � 1.0, 	 � 0.5 and n1 � n2.
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400. Second, we selected a random sample of 200, and, plus
a random sample of 100 from those with carotid artery
thickness above the 90th percentile, and a random sample of
100 from those with carotid artery thickness below the 10th
percentile. We then analyzed the data using ordinary regres-
sion model with all 1028 samples, and with the 400 selected
at random. In addition, we analyzed the 200-100-100 sample
using inverse probability-weighted method and then with the
Zhou et al estimator. The lycopene results were adjusted for
the same covariates (age, year, and sonographer) in all mod-
els. Results are given in Table 4. With the full sample of
1028, the estimated coefficient for lycopene was �0.14 with
an estimated SE at 0.04 and P � 0.0011. With the random
sample of 400, the estimated effect �̂P was �0.10, with SE �
0.06 and P � 0.096. With the 200-100-100 sample, �̂IPW was
�0.19 with SE � 0.08, P � 0.017 and �̂Z was �0.24, SE �
0.07 and P � 0.0009. This example suggests that the out-
come-dependent sampling scheme and the Zhou et al estima-
tor provided nearly as much power as analysis of the full
dataset. Furthermore, the Zhou et al estimator clearly had
greater efficiency compared with the inverse-probability
weighted approach. The larger �s obtained using outcome-
dependent sampling and estimators reflect the shape of the
dose-response curve, which had larger negative slopes near
the tails of the outcome. While we focused on analyzing the
lycopene association as linear (trend-test), a curvilinear ap-
proach would better describe the relation and could be easily

accommodated with either the inverse-probability weighted
or the Zhou et al estimators.

Real Data Example 3
Korrick et al21 conducted a case–control study of

hypertension and bone lead level. For logistic reasons the
sampling probabilities for cases and controls could not be
determined. Measurements of blood pressure were available.
The example, presented as Appendix 1 in the online supple-
mentary material, available with the online version of the
article, shows that the proposed outcome-dependent sampling
approach could be used to estimate the coefficient for bone
lead in a model of blood pressure.

DISCUSSION
When there is a fixed, limited number of observations

for examining the linear relation between a continuous expo-
sure and a continuous outcome, outcome-dependent sampling
is more efficient than a random sample. The simulations
provided an intuitive and simple expression of this benefit:
the estimator yields the same estimand as an analysis of the
underlying complete population. Stated another way, for a
given level of statistical power, the number of observations
can be reduced by about 40% compared with a random
sample. Thus, the benefits of outcome-dependent sampling
apply to continuous outcomes, as well as to dichotomous
ones through case–control designs. For a binary response
variable, our approach, implemented with logistic regression,
is equivalent to the case–control analysis.22

To implement the weighted method, one needs to know
or estimate the weights, this requires at least empirical data
about the distribution of Y. Such information may not be a
problem for nested studies; however, it can be difficult to
calculate the weight for studies that are not nested. The
difficultly arises because good quality data on the distribution
of Y, and an enumeration of potential subjects, may not be
available for the base population. The inverse-probability
weighting suffers from the fact that in the typical setting of
the outcome-dependent sampling, the natural choice of num-
ber of categories of Y is not large enough to yield the
variability in weights that would make it efficient.18 Some
recently developed methods may help to identify even more
optimal weights.18,23 The Zhou et al method, on the other

FIGURE 2. The power for the testing H0:
�1 � 0 versus H1: �1 � 0.1. (A) The
power as a, cut-point for defining the
strata in term of �Y, varies with sample
size (n0, n1, n2) � (200, 100, 100); (B)
The power as 	, the fraction of a simple
random sample, varies with n � 400,
n1 � n2, and a � 1.

TABLE 3. Simulation Study for Various Allocations of
Outcome-Dependent Sampling With Skewed Exposure Effect

(n0, n1, n3) �1 Methods Mean SE SÊ 95% CI

(200, 50, 150) 0.1 �N 0.116 0.021 0.019 0.850

�P 0.100 0.025 0.025 0.953

�IPW 0.102 0.023 0.028 0.986

�Z 0.100 0.019 0.019 0.947

(200, 150, 50) �N 0.147 0.031 0.025 0.503

�P 0.100 0.025 0.025 0.953

�IPW 0.102 0.025 0.031 0.977

�Z 0.101 0.022 0.022 0.943

X follows a log-normal distribution. For other details, see footnote to Table 1.
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hand, does not use selection probability and hence does not
need to enumerate the base population.

Our results showed that with a up to about 1 and 	 near
0.5 and a total sample size of 400, outcome-dependent sam-
pling using the estimator of Zhou et al increased power about
twice as much as the weighted estimating equation approach
(Fig. 2). With larger values of a or smaller values of 	, the
advantage of the Zhou et al estimator was greater. This
reflects a greater influence on the regression parameters for
data from the tail areas than the middle areas. In general, the
efficiency gain of the inverse-probability weighted method
over the simple random sample analysis is notable; thus we
would suggest in practice that one should at least do the
weighted analysis if one cannot implement the Zhou et al
method.

If an outcome-dependent sampling procedure is to be
used, questions will arise regarding the optimal choice of a
and 	. For example, consider an examination of the serum
level of contaminant X among pregnant women in relation to
a continuous outcome in offspring. Subject matter consider-
ations might support large values of a (eg, �1) so that a
corresponds to a clinically abnormal value. Values of a �1
might seem appealing because of the resulting increase in
power, especially with the Zhou et al estimator (Fig. 2). But
this reward depends on an assumption about f�(Y, X) across
the range of Y (see the online Appendix 2 for discussion of an
example). Similarly, choice of 	 � 0 has several advantages
over 	 � 0,14 since including an overall random sample
provides the flexibility of a cohort study and allows for model
checking. In general, choosing a 	 from the range of �0.2, 0.5�
provides much improved power with the Zhou et al estimator
compared with the weighted-estimated-equation estimator,
while still allocating enough observations to the simple ran-
dom sample.

Similarly, the relative size of n1 and n3 might be
affected by several factors that will vary across studies. For
example, if the exposure variable is known to be skewed with
a long tail to the right and � is known to be either zero or
positive, then increasing the size of n3 relative to n1 would be
sensible. A large n3 relative to n1 would also make sense
when there is little interest in the determinants of a low value
of the outcome variable.

Prospective designs coupled with relatively expensive
measures of exposure are being used with increasing fre-
quency in epidemiologic research. Furthermore, the scope of

epidemiologic research increasingly includes outcomes best
measured on a continuous scale. Given these trends, methods
that allow cost-cutting while maintaining statistical efficiency
are likely to see greater use. Recently, similar ideas using
outcome-dependent sampling have been extended to the sit-
uation in which information other than the exposure variable
are also available for both the sample and the rest of the base
population.24 Methods have been developed that account for
an ordinal outcome variable in a generalized linear model
setting; other methods incorporate auxiliary information
about the exposure variable that is available for the entire
base population.25 Much work, however, remains to be done;
for example, how to use outcome-dependent sampling with
longitudinal data is still an open question. A survey of the
recent statistical research on outcome-dependent sampling
design can be found in Zhou and You.26
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ORIGINAL ARTICLE

Filling the Gaps: Spatial Interpolation of Residential Survey
Data in the Estimation of Neighborhood Characteristics

Amy H. Auchincloss,* Ana V. Diez Roux,* Daniel G. Brown,† Trivellore E. Raghunathan,‡
and Christine A. Erdmann*

Abstract: The measurement of area-level attributes remains a major
challenge in studies of neighborhood health effects. Even when
neighborhood survey data are collected, they necessarily have in-
complete spatial coverage. We investigated whether interpolation of
neighborhood survey data was aided by information on spatial
dependencies and supplementary data. Neighborhood “availability
of healthy foods” was measured in a population-based survey of
5186 persons in Baltimore, New York, and Forsyth County (North
Carolina). The following supplementary data were compiled from
Census 2000 and InfoUSA, Inc.: distance to supermarkets, density
of supermarkets and fruit and vegetable stores, housing density,
distance to a high-income area, and percent of households that do
not own a vehicle. We compared 4 interpolation models (ordinary
least squares, residual kriging, spatial error regression, and thin-plate
splines) using error statistics and Pearson correlation coefficients (r)
from repeated replications of cross-validations. There was positive
spatial autocorrelation in neighborhood availability of healthy foods
(by site, Moran coefficient range � 0.10–0.28; all P � 0.0001).
Prediction performances were generally similar for the evaluated
models (r � 0.35 for Baltimore and Forsyth; r � 0.54 for New
York). Supplementary data accounted for much of the spatial auto-
correlation and, thus, spatial modeling was only advantageous when
spatial correlation was at least moderate. A variety of interpolation
techniques will likely need to be utilized in order to increase the data
available for examining health effects of residential environments.
The most appropriate method will vary depending on the construct

of interest, availability of relevant supplementary data, and types of
observed spatial patterns.

(Epidemiology 2007;18: 469–478)

Growing evidence supports the concept that residential
neighborhoods play a role in determining individual

behaviors that are linked to health outcomes.1–3 However,
there is a scarcity of relevant data for characterizing neigh-
borhoods that continues to challenge researchers. One option
for obtaining information on neighborhoods is to conduct
surveys of residents who can provide information about their
residential environment. However, survey data necessarily
have incomplete spatial coverage. Routinely collected data
such as census data have complete coverage but may not
provide direct measures of the construct of interest.

Geologists and other natural scientists have used
geostatistical methods to interpolate when there is incomplete
spatial sampling4–7 and have used supplementary data at
colocated sites to try to improve predictions at the unsampled
locations.8,9 While spatial modeling in itself may predict
reasonably well, supplementary data that are well-correlated
with the primary data should improve prediction over and
above models of spatial variation alone.

We investigated the utility of spatial interpolation
methods to obtain estimates of neighborhood characteristics
(specifically “availability of healthy foods”) at unsampled
locations. We also explored the extent to which spatially
complete (and colocated) supplementary data improved the
prediction of neighborhood characteristics at unsampled lo-
cations. Our hypotheses were: there is positive spatial auto-
correlation in the availability of healthy foods in our study
sites; supplementary data yield a superior prediction com-
pared with models that do not use these data; and use of
spatial information (ie, spatial correlation or conditioning on
location) will improve prediction over models that do not
incorporate spatial information. Finally, we compared predic-
tion results to determine the best model for predicting the
neighborhood characteristic (availability of healthy foods) for
our 3 study sites.

METHODS

Data
Sources of data used in these analyses are listed in

Table 1. The primary survey data came from the Community
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Survey, a population based random-digit-dialing telephone
survey.10 Data were collected in 2004 from 5988 residents in
Baltimore City/County, Maryland; Forsyth County, North
Carolina; Northern Manhattan and Bronx, New York. While
the Forsyth site was the most rural of the 3 sites, it did include
the cities of Winston-Salem and Kernersville. The Commu-
nity Survey collected information on a number of neighbor-
hood-level domains potentially related to cardiovascular dis-
ease, including neighborhood “availability of healthy foods”
which was a scale derived from the mean participant score on
3 items (Table 1 footnote). Participants were asked to report
on the area within 1 mile (1.6 km) from their home and to
choose from Likert-responses that ranged from 1 � strongly
disagree (unfavorable) to 5 � strongly agree (favorable).
Both scale internal consistency and test-retest reliability
(2 weeks postsurvey) were acceptably high (Cronbach’s
alpha � 0.78; test-retest � 0.69).10 Survey estimates were
weighted to account for the differential probabilities of se-
lection into the sample. Survey estimates also were adjusted
for age and sex to account for reporting differences by age or
sex. We used the adjusted healthy food scale in all analyses.
Among 5988 participants, 325 were excluded because of
missing data, and 477 survey scores for respondents living
within 29 m of each other were averaged together (because
geostatistical procedures require that distances between
observations not approximate zero and because raster cell
size was 20 m2), thus, leaving 5186 observations for these
analyses.

Potential predictors of availability of healthy foods
included 2003 food store data extracted from InfoUSA,
Inc.,11 and 2000 US Census block group data.12 We selected
supplementary data a priori based on theory and empirical

relations found in prior work. Food stores were identified
based on Standard Industrial Classifications in the InfoUSA
data.13 Because supermarket proximity has been related to
availability of healthy foods,14,15 supermarket location was
used in 2 measures: distance to supermarkets and density of
supermarkets. Supermarket density also included retail fruit
and vegetable stores because these stores also may contribute
to the availability of healthy foods. Census-derived data
included housing density, percent of households without a
vehicle, and distance to a high income area. We included
housing density because it may be positively related to
availability of food resources. Vehicle data were included
because automobile transport may influence perceived avail-
ability of healthy foods.16,17 In addition, both vehicle and
housing variables capture city and suburban differences in
food availability. High income areas were included because
they have been associated with greater availability of healthy
foods.18 Estimated grids (using a 20 m2 cell size) were
computed from the supplementary data, and grid values were
extracted for survey respondents’ residential addresses (lati-
tude, longitude).

Statistical Analysis
Analyses were done separately for each study site.

Models fit to the healthy food scale at surveyed points were
used to predict availability of healthy foods at unobserved
locations. We used model-fit statistics and estimates of re-
gression coefficients from ordinary least squares to evaluate
the importance of supplementary data (also referred to as
“covariate” information) in predicting food availability.

Semivariograms (described below) and the Moran
coefficient19–21 were used to describe/quantify spatial auto-

TABLE 1. Distribution of “Availability of Healthy Foods” Scale and Area Characteristics by Study Site Using Data From the
Community Survey (n � 5186), 2004, InfoUSA 2003, and Census 2000

Baltimore Forsyth Co. New York

Study area dimensions: 36 km � 20 km 42 km � 32 km 28 km � 11 km

No. of Community Survey respondents: 1587 1493 2106

Original Data
Source

Type of Data Computed Variables Distribution of Variables for Community Survey Respondents
Median (25th–75th percentile)

Community Survey,
2004

Survey scale “Availability of healthy foods”* 3.52 (2.56–4.06) 3.40 (2.43–4.03) 3.76 (3.03–4.24)

InfoUSA, Inc., 2003 Food stores Distance to supermarkets (km)† 0.95 (0.58–1.46) 1.68 (1.04–2.51) 0.30 (0.18–0.48)

Number of supermarkets and fruit/
vegetable stores combined within a
1.6 km‡

2 (1–4) 0 (0–1) 18 (12–25)

Census, 2000 Other area
characteristics

Housing density within 1.6 km§ 9200 (5000–14,300) 1800 (1000–2900) 72,300 (57,500–94,800)

Distance to high-income area (km)¶ 1.69 (0.59–3.35) 2.14 (0.41–5.84) 0.32 (0–1.1)

Average percent of households within
a 1.6 km area that do not own a
vehicle

20% (8%–35%) 5% (3%–8%) 73% (69%–76%)

*“Availability of healthy foods” scale was based on the mean for: (1) “A large selection of fresh fruits and vegetables is available in my neighborhood;” (2) “The fresh fruits
and vegetables in my neighborhood are of high quality;” and (3) “A large selection of low-fat foods is available in my neighborhood.” Survey estimates were weighted to account
for differential probabilities of selection into the sample; estimates were also adjusted for age and sex.

†Euclidean distance from the survey respondent’s residence to the nearest supermarket. There were 85 supermarkets in Baltimore, 38 in Forsyth Co., and 87 in New York.
‡There were 116 supermarkets plus fruit/vegetable stores in Baltimore, 43 in Forsyth, and 186 in New York.
§Census block group housing units were apportioned over the area of the block group and then summed across a 1.6-km buffer.
¶Euclidean distance to a high-income area defined as a block group in the top 10th percentile of US per capita incomes ($33,000).
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correlation among original survey values and among ordinary
least squares residuals. Four types of prediction models were
fit in order to assess the impact of different ways of modeling
the spatial correlation in the data. Each of the 4 models is
briefly described below. Models were fit both with and
without covariates to contrast prediction performance when
supplementary data were added to spatial information.

Model 1 Parametric Mean and Independent
Covariance—Fitted With Ordinary Least Squares

We selected ordinary least squares, a widely-used
method for aspatial prediction, to assess whether covariate
information applied in a global aspatial regression model
would be sufficient for prediction. Ordinary least squares was
the benchmark to which all other models were compared.
Using k covariates (X) at locations not sampled (j), unbiased
predicted values for unobserved Y were derived by applying
mean Y (intercept, �) plus the regression coefficients (�)
obtained when Y was observed. This is illustrated by:

Ŷj � �̂ � �
k � 1

k

�̂kXjk. (1)

Model 2 Spatial Covariance—Fitted With
Residual Kriging

If “availability of healthy foods” is spatially autocorre-
lated and covariate information does not fully account for that
pattern, then using spatial dependencies in the data could
benefit prediction. We applied residual kriging to assess
whether global aspatial prediction by ordinary least squares
would be improved by local spatial information remaining in
the residuals. Kriging is a spatial interpolation method widely
used by geologists and natural scientists, though relatively
infrequently used in epidemiology.22–24 Kriging utilizes a
weighted linear combination of the available data to obtain an
exact best linear unbiased predictor.4,7 In model 2, predic-
tions for unsampled locations were obtained by adding to-
gether predicted values from ordinary least squares regression
and predicted values obtained from ordinary kriging of the
regression residuals, illustrated in simple form as:

Ŷj � �̂j where �̂j � �
i � 1

n

wi�i. (2)

�̂j is the ordinary least squares residual predicted at un-
sampled location j; n is the number of sampled (nearby)
residuals (�i) that participate in the estimation; and wi are
their weights with the constraint that all weights sum to 1 (so
as to be unbiased and minimize the mean square prediction
error). In order to obtain the weights, ordinary kriging re-
quires prespecification of both a functional form for spatial
dependence and the associated parameters for spatial conti-
nuity. We used semivariograms (regular and robust),5,25

which plot the covariation of the healthy foods scale as a
function of geographic distance between sampled pairs, to

investigate the most appropriate functional form for these
data. To derive a smoothed plot, semivariogram values were
binned into intervals (lag-size). To ensure that bins had
sufficient data, in each bin �80% of surveyed participants
were paired with at least one other participant. Model param-
eters for spatial continuity were derived by noting the dis-
tance at which samples ceased to be positively correlated (the
spatial “range”), the maximum covariation between samples
(the “sill”), and semivariogram values at the origin (measure-
ment error/microscale covariation, the “nugget”). The model
parametric functional form was selected by visually compar-
ing plots fit using spherical, exponential, and Gaussian func-
tions, and then subsequently fitting and refitting at least 3
candidate spatial parameterizations with the goal of minimiz-
ing root mean square error. Results are presented for the best
fitting model. Because patterns in covariation may vary by
direction, anisotropic variograms also were examined. All
models were specified with a nugget parameter.

The spatial dependence function for ordinary kriging of
residuals can be written as:

Cov{�i,�j} � �2f �dij,� �, (3)

where �2 is the sill, f() is the parametric functional form that
uses the distance (d) between locations i and j and the
spatial range (�). Ordinary kriging of the sampled values
also was used to derive predicted values without covariate
information.

Model 3 Spatial Covariance—Fitted as
Spatial Error

Spatial error regression was used to assess whether
global ordinary least squares prediction would be improved
by simultaneously modeling spatial dependence while esti-
mating the relationship between observed Y and covariates.
Predicted values were derived from the following equation:

Yi � � � �
k � 1

k

�kXik � �i, where Cov{�i,�j} � �2f (dij,�).

(4)

The spatial dependency function (illustrated in equation 4 as
the covariance between locations i and j) and its parameters
were the same as those determined for model 2, with 2
principal differences between model 3 and model 2. First,
model 2 used a 2-step approach: supplementary data were fit
in ordinary least squares; spatial interpolation (kriging) was
performed on residuals; and resultant predicted values were
subsequently added to ordinary least squares predictions. In
model 3, spatial interpolation was performed by simulta-
neously modeling supplementary data and the spatial auto-
correlation. In model 3, the spatial dependency function was
applied such that predicted values were spatially weighted
averages of both observed Y and the observed relationship
between Y and covariates (X). Second, restricted/residual
maximum likelihood was used to estimate simultaneously the
mean (� and �) and covariance parameters.26,27
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Model 4 Nonparametric Mean—Fitted With Spline
Spline regression was selected to assess whether global

ordinary least squares prediction would be improved by
modeling spatial trend using a deterministic distribution-free
approach. In contrast to the 2 previous models, the functional
relationship between spatial location (geographic coordi-
nates: z1, z2) and the dependent variable Y was assumed to be
unknown and so was modeled using thin-plate splines (with-
out tension).28 Penalized least squares was used to fit the
model while simultaneously using generalized cross-valida-
tion to select the optimal smoothing (degrees of freedom or
“knots”) for the splines.26 Predicted values for this model
were obtained using:

Ŷj � f�z1j,z2j� � �
k � 1

k

�̂kXjk (5)

Model Diagnostics
Multivariable regression variance inflation factors were

examined to determine if multicollinearity barred interpreta-
tion of coefficients derived using ordinary least squares. An
inflation factor of 10 was used to define high multicollinear-
ity.29 We also examined whether the mean and variance were
approximately constant throughout each region (first-order
spatial stationarity).4 This was broadly investigated by first
examining maps and scatter plots of residuals against pre-
dicted values. Second, model 1 fit statistics (Akaike informa-
tion criterion) were examined before and after adding x, y
coordinates (polynomial trend analyses using first and sec-
ond-order polynomials and interactions30). Finally, maps of
predicted values were compared with maps of the original
data to assess if predicted values appeared to be reasonable.

Validation
The predictive performance of the models was evalu-

ated using repeated replications of cross-validations.31,32

One-third of the observed data at each site was selected
randomly and set aside as the validation data. Models fitted to
the remaining two-thirds of the data were used to predict
values for the validation data and then predicted values were
compared with the validation data using root mean square
error (RMSE), mean error (ME), mean absolute error (MAE),
and Pearson linear correlation coefficients.4,8

RMSE � �1

n�
i � 1

n

(yi�ŷi)
2;

ME �
1

n�
i � 1

n

yi�ŷi;

MAE �
1

n�
i � 1

n

 yi�ŷi (6)

To examine how much variability remained in the
predicted values, we also examined standard deviations of
the predicted values relative to the standard deviation of the
original survey scale. Cross-validations were repeated 100
times to obtain the distribution of the sampling error.

All analyses were conducted using SAS v. 8.0 (SAS
Institute, Cary, NC) except for the Moran coefficient, which
was estimated using S	 SpatialStats v. 1.5 Supplement
(MathSoft, Needham, MA).

RESULTS
The mean values of the “availability of healthy foods”

scale were highest in New York City and lowest in Forsyth
County (Table 1). Other area characteristics differed consid-
erably across the sites. The Forsyth site had the lowest
population density, relatively poor proximity to food stores,
and a relatively high level of vehicle ownership. The New
York site was the most urban with relatively high proximity
to food stores and high percent of households that did not
own a vehicle. Area characteristics in Baltimore were inter-
mediate to these two.

There was high bivariate collinearity between 2 covari-
ates in Baltimore and in New York, although multivariable
collinearity was only moderate for those same variables/sites

housing unit density and vehicle ownership in Baltimore
(bivariate Pearson r � 0.90, regression inflation factor 	7),
and housing density and food store density in New York
(bivariate Pearson r � 0.80 and regression inflation factor
	5)�. Multicollinearity was low for all other variables/sites
(inflation factor �3.0), thus, broad interpretation of the ordi-
nary least squares beta coefficients was possible. In the
ordinary least squares models, the relationship between sup-
plementary data and the availability of healthy foods scale
was generally in the expected direction at all sites (Table 2):
ie, negative for distances to supermarkets, distance to a
high-income area, and percent of households that did not
own a vehicle; and positive for density of food stores
(except for NY) and high housing density. Covariates
provided the strongest predictive power in New York
(adjusted R2: NY � 25%; Baltimore � 11%; Forsyth �
12%). New York variables with the strongest predictive
capacity were distance to a high-income area (partial R2 �
0.22, not shown); in Baltimore the strongest variables were
percent of households that did not own a vehicle and
distance to a supermarket (partial R2 0.05 and 0.03, re-
spectively); and in Forsyth County the strongest variable
was distance to a supermarket (partial R2 0.10).

Diagnostics suggested that there was nonstationarity in
New York (not shown): directional semivariograms of the
original survey scale revealed periodicity and zonal anisot-
ropy and there was evidence of a trend. Covariate information
reduced nonstationarity; therefore, directional spatial depen-
dence was modeled only in New York when covariates were
absent in models 2 and 3. In contrast, the Baltimore and
Forsyth sites generally had acceptable stationarity. In general,
model variograms fit the data reasonably well (Fig. 1) and
maps of predicted values and observed residuals appeared
reasonable for all the study sites.
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TABLE 3. Moran Coefficients* for the Original “Availability of Healthy Foods” Scale and Residuals
From Ordinary Least Squares Using Supplementary Data†, by Study Site, Community Survey,
2004

Study Site

Original Survey Value Residual Value

Moran Coefficient* Permutation P Value* Moran Coefficient* Permutation P*

Baltimore 0.10 �0.0000 0.01 0.0060

Forsyth Co. 0.12 �0.0000 0.02 0.0020

New York 0.28 �0.0000 0.01 �0.0000

*Moran coefficient (MC) quantifies spatial autocorrelation and typically ranges from �1 to 1; �1 indicates clustering of dissimilar
values, 0 indicates a random scatter, and 1 indicates clustering of similar values. The MC was calculated using a 2-km binary weight matrix.
An extension of the MC to regression residuals19,21 produced identical results to those using the regular MC. Permutation P values were based
on 999 random permutations.

†Supplementary data were distance to supermarkets, density of supermarkets and fruit and vegetable stores, housing density, distance to
a high-income area, and percent of households that do not own a vehicle.

FIGURE 1. Empirical and model semivar-
iograms for “availability of healthy foods”
scale before (“original value”) and after
adjustment for supplementary data using
ordinary least squares (“residual value”),
by study site; Community Survey, 2004.
Supplementary data were distance to su-
permarkets, density of supermarkets and
fruit and vegetable stores, housing den-
sity, distance to a high-income area, and
percent of households that do not own a
vehicle. All semivariograms are omnidirec-
tional except for New York’s original value
semivariogram which is in the north/south
direction.
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Variograms (Fig. 1; “original value”) and Moran coef-
ficients (Table 3) of the availability of healthy foods showed
moderate/strong spatial autocorrelation in New York and
weaker spatial autocorrelation in both Baltimore and Forsyth
County. Variograms showed that scale values were roughly
spatially independent for distances �4 km; nugget effect
represented a moderate (40%) percent of the total variance of
the healthy-foods scale for New York but a much higher
percentage for Baltimore and Forsyth County (85% and 80%,
respectively). After accounting for supplementary data, spa-
tial dependence was further attenuated at all study sites
though spatial autocorrelation was still apparent in New York
(Fig. 1; “residual value”).

Within each study site, prediction performances were
similar for the models compared—95% confidence intervals
of the estimated root mean square error overlapped (Table 4).

Thus, in general, spatial models with or without covariates
(models 2–4) provided little or no prediction benefit over an
aspatial ordinary least squares model with covariates (model 1)
(Table 4). The only exception to this was the New York
site—the site with strong spatial autocorrelation—where all
spatial models (both with and without covariates) reduced
errors by 3% compared with the aspatial least squares model
including covariates.

A comparison of spatial information alone (models 2a,
3a, 4a) (Table 4) versus spatial information with supplemen-
tary data (models 2b, 3b, 4b) found that including covariates
consistently improved spatial prediction only in Forsyth
County—the site with relatively sparse sampling. Compari-
sons among spatial models with covariates (models 2b, 3b,
4b), found the spatial error model performed very slightly
better than the krige and spline models in Baltimore and

TABLE 4. Distribution of Errors, Standard Deviations, and the Correlation Comparing Observed Values to Predicted Values
of “Availability of Health Foods” Obtained in Cross-Validation (Number of Replications � 100), by Study Site, Community
Survey, 2004

Model No. Fitted
Covariate

Information*

Root Mean Square
Error (RMSE)

Median (5th and
95th Percentile)

% RMSE
Changed

From OLS
Model With
Covariates

Mean Absolute
Error (Median)

as % of
Original Mean

Standard
Deviation (SD,

Median) of
Predicted

Values as % of
Original SD

Correlation
Coefficient

(Pearson) for
Predicted and

Observed
Values

Baltimore

Model 1 Ordinary least
squares

With covariates 0.933 (0.898–0.961) 23% 35% 0.33

Model 2 Krige (a) No covariates 0.933 (0.899–0.960) 0% 23% 35% 0.33

(b) With covariates† 0.933 (0.896–0.959) 0% 23% 41% 0.34

Model 3 Spatial error (a) No covariates 0.932 (0.894–0.956) 0% 23% 33% 0.33

(b) With covariates 0.928 (0.895–0.960) �1% 23% 37% 0.35

Model 4 Spline (a) No covariates 0.937 (0.902–0.962) 0% 23% 36% 0.32

(b) With covariates 0.933 (0.900–0.968) 0% 23% 38% 0.33

Forsyth Co.

Model 1 Ordinary least
squares

With covariates 0.953 (0.923–0.990) 24% 37% 0.35

Model 2 Krige (a) No covariates 0.957 (0.925–0.994) 0% 24% 37% 0.34

(b) With covariates† 0.953 (0.920–0.992) 0% 24% 42% 0.36

Model 3 Spatial error (a) No covariates 0.955 (0.924–0.991) 0% 24% 34% 0.35

(b) With covariates 0.949 (0.918–0.986) 0% 24% 39% 0.37

Model 4 Spline (a) No covariates 0.964 (0.930–1.001) 1% 24% 40% 0.33

(b) With covariates 0.957 (0.925–0.995) 0% 24% 38% 0.34

New York

Model 1 Ordinary least
squares

With covariates 0.796 (0.766–0.828) 18% 50% 0.50

Model 2 Krige (a) No covariates 0.775 (0.745–0.810) �3% 17% 56% 0.54

(b) With covariates† 0.776 (0.742–0.810) �3% 17% 57% 0.54

Model 3 Spatial error (a) No covariates 0.773 (0.745–0.808) �3% 17% 54% 0.54

(b) With covariates 0.774 (0.742–0.807) �3% 17% 55% 0.54

Model 4 Spline (a) No covariates 0.775 (0.742–0.811) �3% 17% 56% 0.54

(b) With covariates 0.773 (0.742–0.810) �3% 17% 56% 0.54

*Covariates used for prediction were: distance to supermarkets, density of supermarkets and fruit and vegetable stores, housing density, distance to a high-income area, and
percent of households that do not own a vehicle.

†Residuals from the ordinary least squares model with covariates were used for kriging.
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Forsyth though differences were indistinguishable in New
York. When detrended residuals were used to execute models
2b and 3b in New York, prediction was only very slightly
improved (root mean square error 0.774 and 0.773, respec-
tively, not shown in tables).

Residual kriging preserved the most variability (as a
percent of that present in the observed value), and the ordi-
nary least squares model preserved the least. Overall, among
the 3 study sites, the models for New York had the most
favorable statistics—highest linear correlation coefficient
(0.54), lowest root mean square error (	0.800), and lowest
mean absolute error (	0.635, not shown).

DISCUSSION
We found evidence of positive spatial autocorrelation

in the reported availability of healthy foods, though the
strength of spatial autocorrelation varied by study site. In
general, when covariate information was available, spatial
modeling approaches improved prediction only when spatial
autocorrelation was at least moderate—as it was in New York
(original survey value Moran coefficient for New York was
0.28; for Baltimore 0.10; for Forsyth County 0.12). However,
in the absence of covariate information but with quite dense
sampling, spatial modeling approaches performed as well or
even better than ordinary least squares with covariates in the
presence of weak (Baltimore) or moderate (New York) spa-
tial autocorrelation.

Three key lessons can be gleaned from our results.
First, analysts can be quite confident that geostatistical inter-
polation will not perform substantially better than covariate-
adjusted ordinary least squares when Moran coefficients and
semivariogram plots show weak spatial autocorrelation
among original survey values and among covariate-adjusted
ordinary least squares residuals (ie, Baltimore and Forsyth
County residual variograms showed almost no patterning and
there was 	1% reduction in prediction error compared with
using covariate information alone). Second, spatial modeling
may be advantageous if spatial autocorrelation among origi-
nal survey values is at least moderate, and covariate infor-
mation exists but ordinary least squares does not fully capture
the autocorrelation (ie, in New York spatial autocorrelation of
the original survey value was moderate, some spatial pattern-
ing remained in the residual variogram, and spatial models
showed a 3% reduction in prediction error compared with
using covariate information alone). Third, provided the sur-
vey is quite densely sampled, spatial modeling may be ad-
vantageous in the absence of supplementary data even if
spatial autocorrelation is somewhat weak (ie, in Baltimore
and New York, spatial models without covariates had
lower prediction errors compared with ordinary least
squares models).

In our application, true contrasts between spatial mod-
eling approaches may have been obscured by measurement
error in our survey scale. Measurement error could have been
due to the scale being comprised of only 3 items and thus
only partly capturing overall availability of healthy foods.
Denser sampling can reduce measurement error noise and
thereby strengthen spatial autocorrelation—as evidenced by

the New York site, which had the densest sampling and
strongest spatial autocorrelation.

In this empirical analysis, differences in prediction
performances were not large, but several contrasts between
spatial modeling approaches are worth noting. Among spatial
models, the spatial error model with covariates generally had
the lowest errors—likely due to its ability simultaneously to
optimize the spatial covariance parameters while fitting sup-
plementary variables. Drawbacks of modeling using a spatial
error or a kriging approach are stationarity assumptions and
having to prespecify spatial continuity parameters. In con-
trast, spline models conditioning on location do not assume
stationarity or prior knowledge regarding the structure of
spatial dependence. Relatively good prediction performance
for spline models in New York illustrated the advantage of
using spline interpolation when spatial continuity is varied
and complex and thus prone to misspecification. However,
splines may be out-performed by other spatial interpolation
methods when there is wide variation in sample distances
(which is often the case when sampling is sparse) and when
the regional trend is weak.33 The relatively poor performance
for spline models in Forsyth County illustrated this, as sam-
pling there was relatively sparse and irregularly spaced, and
there was no strong spatial trend. Another consideration in
selecting an appropriate model is the extent to which infor-
mative variability is removed.34 Most interpolation tech-
niques smooth variability from the data, which is desirable if
noise is obfuscating the signal. If, however, variability is
believed to be informative, a benefit of ordinary least squares
combined with kriging is that kriging adds back local vari-
ability removed in the least squares prediction. This was
illustrated by results that showed a relatively high loss of
variability in the ordinary least squares model and low loss of
variability in the residual kriging model.

When interpolating, supplementary data can partly
compensate for sparse sampling. In the site with the sparsest
sampling (Forsyth County), most of the supplementary data
models performed better than models without those data.
Supplementary data can also stabilize nonstationarity in the
mean, as revealed by the reduction of directional influences in
New York after including covariate information. An obvious
substantive advantage of using covariates is their ability to
examine what factors (at least in part) determine the spatial
patterns that are observed.35 In our analysis, results from least
squares regression provided insights into which factors may
be influencing healthy food availability. In 2 of the study
sites, Baltimore and Forsyth County, distance to a supermar-
ket and percent of households that did not own a vehicle were
the strongest predictors of availability of healthy foods.
Spatial distributions of supermarkets has been identified as
being correlated with healthy food availability in other re-
search.13,14,36 Recent trends in increasing the size of food
stores and locating them in areas distant from residential
neighborhoods has increased the importance of vehicular
transport for accessing healthy foods.16 Our results suggest
the need to locate supermarkets closer to residential areas and
to improve transportation to those markets. In New York, the
most urban site with high proximity to food stores, distance to
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a high-income area was the strongest predictor of availabil-
ity of healthy foods. One recent study found that higher
quality fresh fruits and vegetables (regardless of type of
food store) are more commonly available in areas with
higher socioeconomic indicators37—thus, food quality
may partly explain the strong association found between
distance to a high-income area and neighborhood avail-
ability of healthy foods.

We chose to interpolate using spatial surfaces derived
from point data. Instead, interpolation could have been
achieved by aggregating survey responses to areal units such
as census tracts. If survey data are being used to assign
environmental attributes to a separate sample of persons, then
concordance is required between census tracts where survey
respondents reside and those where the separate sample
resides. Interpolation methods used in this study can easily
fill in a complete spatial surface, as well as integrate covariate
information from diverse sources or units. In addition, simple
aggregations of survey responses to census tracts predefines
scale and creates boundary discontinuities, thus, may not
accurately reflect actual spatial patterns present in the data. In
contrast, spatial covariance models (models 2–3) smooth over
and aggregate responses by spatially weighting responses
based on observed spatial continuities. Disadvantages of
geostatistical models are their complexity in determining the
spatial structure (models 2–3) and the computer resources
needed to execute them (models 2–4).

In summary, we illustrated methodologies that can be
applied when selecting interpolation methods for data that are
spatially structured. In this application, we found positive
spatial autocorrelation in neighborhood availability of healthy
foods, which suggested that some residential environments
are more supportive of healthy eating than others and may
partly explain differences found in diets across neighbor-
hoods.38,39 Use of sophisticated spatial interpolation methods
was advantageous when availability of healthy foods was at
least moderately spatially autocorrelated (in 1 study area).
However, little was gained by using sophisticated spatial
interpolation at study sites where spatial autocorrelation was
weak. In order to increase the data available for examining
health effects from residential environments, a variety of
interpolation techniques will likely need to be used. The most
appropriate method will vary depending on the construct of
interest, availability of relevant supplementary data, and
types of observed spatial patterns.
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ORIGINAL ARTICLE

Health Care Consequences of Cesarean Birth During the
First 18 Months of Life

Gabriel M. Leung, Lai-Ming Ho, Keith Y. K. Tin, C. Mary Schooling, and Tai-Hing Lam

Objective: Elective cesarean delivery is increasingly common.
The potential effects of surgical delivery in an unselected sample
of infants beyond the immediate neonatal period remain poorly
defined.
Methods: We carried out an 18-month follow-up of a population-
based cohort of 8327 Hong Kong Chinese infants born in 1997. The
main outcome measures were utilization of outpatient visits and
hospitalizations, categorized by doctor-diagnosed causes as reported
by parents.
Results: Among term singleton infants, there was no association of
cesarean (compared with vaginal) birth with subsequent hospital
admission (adjusted odds ratio � 0.92; 95% confidence interval �
0.79–1.08) or with above versus below the median number of
outpatient episodes (1.10; 0.96–1.26) in the first 18 months of life.
There were weak positive associations with afebrile gastrointestinal,
respiratory, skin and a few other conditions.
Conclusion: Cesarean birth is not associated with hospitalization or
outpatient care overall during the first 18 months after adjustment
for confounders. We cannot rule out isolated associations with minor
morbidities.

(Epidemiology 2007;18: 479–484)

The rising occurrence of cesarean section has attracted
international attention.1–6 In Hong Kong, 27% of all

births were surgical deliveries in 1999. The mean cesarean
section incidence in public hospitals (with a more serious
case-mix and 74% of deliveries) was 19% and the corre-
sponding rate in the private sector was 50%. This public-
private gap widened by 64% during the 1990s and has
continued.7,8 Case-mix and clinical indications have had little
direct influence on similarly rising cesarean trends in the
United States.9

To date, no study has taken into consideration the full
range of health outcomes after cesarean section in an uns-
elected population. We therefore examined the patterns of
doctor visits and hospitalizations, overall and categorized by
diagnostic groups, in a population-based birth cohort study of
Hong Kong Chinese infants during the first 18 months of life.

METHODS

Sources of Data
Data were drawn from a prospective birth cohort study

conducted at all 47 Maternal and Child Health Centers of the
Hong Kong Department of Health in 1997. For the index
year, 92% of all infants born in Hong Kong were seen at one
of these health centers at least once. The sampling frame
consisted of all infants born in April and May of 1997 and
brought to the health center for their first postnatal visit
within 2 weeks after birth. The response rate to our study was
95%, comprising 88% of all births in the period. Mothers
provided information on method of delivery, infant feeding
history, household smoking habits, and other demographic,
obstetric, behavioral, and potential confounding variables via
a standardized self-administered questionnaire at their base-
line health center visit. In particular, method of delivery was
categorized as normal vaginal birth without instrumentation,
vaginal birth with suction or forceps, or cesarean section. For
the analysis, we collapsed all vaginal births into a single
reference category (unassisted and assisted). We did not
collect information on the possible indications of surgical or
instrumental delivery, or whether the cesareans were primary
versus repeat procedures.

Follow-up questionnaires were distributed at each sub-
sequent routine well-baby check visit (baseline, and 3, and 9
months) to record health services utilization and to update
other information (eg, breast-feeding patterns) for each in-
tervisit interval (baseline to 3 months, 3 to 9 months, and 9 to
18 months). Utilization of health services was measured by
the number of physician consultations and episodes of hos-
pitalizations since the last follow-up, excluding preventive
visits such as vaccination and regular check-ups. Mothers (or
fathers, depending on who was the main caregiver) were
asked about the type of illness leading to the consultation or
hospitalization (grouped as febrile illnesses, respiratory ill-
nesses, gastrointestinal illnesses, skin conditions, and all
other conditions; all illness episodes consisting of fever,
regardless of underlying cause, were categorized as “febrile
illnesses” and thus the rest of the categories excluded con-
current febrile illness). To minimize recall bias, parents were
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given the health services utilization questionnaires to take
home and were asked to fill in the form whenever the infant
attended outpatient consultations or was hospitalized. In this

way, the outcomes of interest were documented prospectively
and recorded as they occurred. Using telephone interviews,
trained research assistants contacted those who could not

TABLE 1. Parent-infant Demographics and Associated Crude Odds Ratios for Higher Health
Services Utilization From Birth to 18 Months* (n � 5449)

%†

Outpatient Visits Hospital Admissions

OR (95% CI) OR (95% CI)

Method of delivery
Vaginal‡ 73.4 1.0 1.0
Cesarean 26.6 1.14 (1.01–1.29) 0.78 (0.68–0.90)

Type of hospital during delivery
Public‡ 67.4 1.0 1.0
Private 32.6 1.19 (1.06–1.33) 0.64 (0.55–0.73)

Highest parental education level
�Grade 9 27.8 1.01 (0.88–1.16) 1.52 (1.29–1.79)
Grade 10–11 43.2 0.99 (0.87–1.13) 1.28 (1.10–1.49)
�Grade 12‡ 29.0 1.0 1.0

Mother’s age (yrs)
�24 9.8 0.93 (0.75–1.14) 1.50 (1.18–1.90)
25–29 31.0 1.05 (0.90–1.22) 1.52 (1.26–1.82)
30–34 39.6 1.05 (0.91–1.22) 1.23 (1.03–1.47)
�35‡ 19.6 1.0 1.0

Sex of infant
Male‡ 52.9 1.0 1.0
Female 47.1 0.75 (0.67–0.83) 0.76 (0.68–0.87)

Birth order
1‡ 45.6 1.0 1.0
2 43.5 1.00 (0.90–1.12) 0.98 (0.86–1.12)
�3 10.8 0.94 (0.79–1.13) 0.97 (0.78–1.19)

Gestational age (wks)
�39 34.6 0.97 (0.86–1.10) 1.06 (0.92–1.22)
39–40‡ 40.6 1.0 1.0
�40 24.8 1.03 (0.90–1.18) 1.15 (0.98–1.34)

Birth weight (g)
�2500 2.3 0.95 (0.66–1.37) 0.59 (0.41–0.87)
2500–2999 25.0 1.01 (0.71–1.44) 0.53 (0.37–0.77)
3000–3499‡ 49.3 1.0 1.0
3500–3999 20.2 1.03 (0.72–1.49) 0.58 (0.39–0.85)
�4000 3.2 1.04 (0.66–1.65) 0.60 (0.37–0.99)

Maternal ETS exposure during pregnancy
No‡ 34.5 1.0 1.0
Yes 65.5 1.23 (1.10–1.37) 1.21 (1.06–1.38)

Infant ETS exposure after birth at home
No‡ 62.5 1.0 1.0
Yes 37.5 0.93 (0.84–1.04) 1.16 (1.02–1.31)

Breast-feeding history
Never breast-fed‡ 61.1 1.0 1.0
Mixed breast- and formula-fed 23.2 1.01 (0.88–1.15) 0.99 (0.85–1.15)
Exclusively breast-fed for �1 mo 4.5 1.09 (0.84–1.41) 1.17 (0.87–1.56)
Exclusively breast-fed for 2–3 mo 4.8 0.75 (0.58–0.97) 1.01 (0.75–1.35)

Exclusively breast-fed for �4 mo 6.3 0.65 (0.52–0.82) 1.23 (0.96–1.57)

*Higher utilizers are those whose number of outpatient visits or hospital admissions was greater than the median for each
diagnosis-specific category (ie, median number of outpatient/inpatient episodes were 7/0 for any illness during 0–18 months).

†Totals within categories may not equal 100% because of rounding.
‡Reference category.
ETS indicates environmental tobacco smoke.

Leung et al Epidemiology • Volume 18, Number 4, July 2007

© 2007 Lippincott Williams & Wilkins480



complete the questionnaire and those who did not return the
questionnaire on schedule.

Informed consent was sought from all adult participants
(on behalf of the infants) before enrollment. The project
received ethics approval from the Research Ethics Commit-
tee, Faculty of Medicine, The University of Hong Kong.

Statistical Analysis
We restricted the analysis to singletons born at term (ie,

gestational age between 37 and 41 weeks comprising 84% of
the sample) and whose mothers had never smoked (95%).
This was done because multiple births, preterm (or post
dates) births, and smoking were rare events, and thus exclu-
sion was an efficient way to control for these conditions.
Further, we included in the final analysis only parent–infant
pairs with at least one follow-up visit and with no missing
data in any of the data fields used in the multivariate model-
ing. To ensure representativeness of this final sample of study
subjects, we compared those included with those excluded
using Pearson’s �2 tests.

According to routine aggregate statistics in 2004, aver-
age hospital stay after cesarean section was 7.9 days, com-
pared with 3.6 days after vaginal delivery. This difference
creates a potential bias in that health care episodes in the
immediate neonatal period for the vaginally born would have
presented as “extra health care use,” while the surgically born
who suffered from the same conditions would have been
cared for as part of the initial birth hospitalization. We
therefore discounted all health care episodes reported on or
before 8 days after birth.

We employed bivariable and multivariable logistic re-
gression analyses to study the association of method of
delivery with doctor consultations and with hospitalizations
of infants, as cumulatively recorded during follow-up visits at
around 3, 9, and 18 months of age. Doctor consultations were
dichotomized at the median number of visits, adjusted pro
rata for length of follow-up where return visits differed
slightly among individuals. This was done for all illnesses, as
well as for each type of diagnosis. Hospitalizations were
similarly coded; the median number of episodes was zero and
therefore the outcome measure was dichotomized as ever
versus never having been admitted to hospital. This dichot-
omy assumed that all infants were expected to incur some
health services use; our goal was to capture the differential
risk associated with method of delivery.

For the multivariable analyses, potential predictors
were identified based on known confounders documented
previously.10–12 Models were built hierarchically: Model 1
was unadjusted for any covariables; Model 2 was adjusted for
the 2 covariables representing socioeconomic position,
namely type (private vs. public) of hospital during delivery
and highest parental education; Model 3 was additionally
adjusted for maternal and infant characteristics (maternal age,
gestational age, birth order, sex of infant, birth weight, and
utilization of outpatient visits or hospital admissions where
appropriate) plus the covariable indicating substitution of
different forms of care; and finally Model 4 was additionally
adjusted for mutable covariables, including exposure to en-
vironmental tobacco smoke after pregnancy, environmental

tobacco smoke during pregnancy and breast-feeding history.
To separate the effects of method of delivery on hospitaliza-
tion from effects on outpatient doctor consultation, models 3
and 4 for utilization of inpatient hospital services controlled
for the utilization status of outpatient visits (higher or lower)
and vice versa. A priori, one might expect that there was a
certain substitution effect between one form of care and
another, especially in the local setting where public inpatient
care is virtually free to all residents while private outpatient
care is mostly fee-for-service.

We computed adjusted odds ratios (ORs) and 95%
confidence intervals (CIs), using Stata version 9.2 (StataCorp,
College Station, TX).

RESULTS
There were 8327 mother–infant pairs in the baseline

sample. Of these, 4948 (59%) attended all 3 scheduled
follow-up visits, 2114 (25%) attended 2 of the 3 follow-ups,
and 828 (10%) attended only 1 follow-up. There were 437
(5%) infants who never returned after the baseline visit and
thus provided no data for analysis. Restricting the analysis to

TABLE 2. Association of Cesarean Section With Higher
Utilization* of Outpatient Visits and Hospital Admissions
Overall† Adjusted Hierarchically‡

Time Period
(Mos)

Outpatient Visits
Hospital

Admissions

OR (95% CI) OR (95% CI)

Model 1 0–18 1.14 (1.01–1.29) 0.78 (0.68–0.90)

0–3 1.04 (0.91–1.18) 0.74 (0.60–0.92)

3–9 1.09 (0.96–1.24) 0.87 (0.72–1.05)

9–18 1.17 (1.02–1.34) 0.77 (0.62–0.95)

Model 2 0–18 1.09 (0.96–1.23) 0.90 (0.78–1.05)

0–3 1.01 (0.88–1.17) 0.88 (0.70–1.10)

3–9 1.06 (0.92–1.22) 1.09 (0.89–1.33)

9–18 1.09 (0.95–1.27) 0.81 (0.64–1.01)

Model 3 0–18 1.10 (0.96–1.26) 0.92 (0.78–1.07)

0–3 1.01 (0.87–1.18) 0.89 (0.70–1.13)

3–9 1.07 (0.92–1.24) 1.13 (0.91–1.39)

9–18 1.08 (0.92–1.26) 0.84 (0.67–1.07)

Model 4 0–18 1.10 (0.96–1.26) 0.92 (0.79–1.08)

0–3 1.01 (0.87–1.18) 0.90 (0.71–1.14)

3–9 1.07 (0.92–1.25) 1.12 (0.91–1.39)

9–18 1.08 (0.92–1.26) 0.85 (0.67–1.08)

*Higher utilizers were those whose number of outpatient visits or hospital admis-
sions was more than the median (ie, median number of outpatient visits were 1, 3, 3, 7
from 0 to 3, 3 to 9, 9 to 18, 0 to 18 months respectively, and median number of inpatient
episodes was 0 for all time periods throughout).

†Due to any illness.
‡Model 1: Unadjusted crude estimates. For all models the reference group is vaginal

delivery.
Model 2: Adjusted for type (private vs. public) of hospital during delivery and

highest parental education.
Model 3: Additionally adjusted for maternal age, gestational age, birth order,

gender of infant, birth weight, and utilization of outpatient visits or hospital admissions
where appropriate.

Model 4: Additionally adjusted for exposure to environmental tobacco smoke after
pregnancy, environmental tobacco smoke during pregnancy and breast-feeding history.
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term (between 37 and 41 weeks gestation) singletons and
those whose mothers never smoked, and further excluding
cases with missing values for any of the model parameters
(n � 490), the final sample size for multivariable analysis
was 5449 subjects. Comparing subjects who were excluded
or missing with those included showed no substantial differ-
ences in method of delivery, use of outpatient or hospital
services, or other measured variables.

Table 1 shows the distribution of variables according to
baseline parent–infant characteristics and the associated
crude odds ratios for doctor consultations and hospital ad-
missions. More than one-quarter of all births were delivered
by cesarean section and a further 17% were delivered vagi-
nally with instrumentation; the remaining 56% infants had a
normal, unassisted vaginal birth. Infants delivered by cesar-
ean had a higher unadjusted risk of incurring more outpatient
visits than average but were less likely to have been ever
admitted into hospital from birth to 18 months overall (Table
1). The same pattern of association was observed for type
of hospital for the delivery episode and highest parental

education attained. Those who had a surgical delivery were
much more likely to have been born in a private hospital
(cesarean rate of 47% in private vs. 17% in public hospi-
tals) and their parents were better educated (37% of par-
ents with a cesarean baby vs. 26% of those with babies
born vaginally had attained at least grade 12 education),
suggesting confounding of the relation between birth
method and health care use by socioeconomic position.
Specifically, better educated parents were either more
inclined to seek outpatient care, or had better access to
such, or both. On the other hand, babies born to more
highly educated parents may be healthier and therefore less
likely to require inpatient care, which is less discretionary
compared with ambulatory episodes and thus more reflec-
tive of actual health care need.

By controlling for the 2 indicators of socioeconomic
position (type of hospital at birth and highest parental edu-
cation attainment) in Model 2, the adjusted ORs regressed
toward unity for both inpatient and outpatient use (Table 2).
Further statistical adjustment in Models 3 and 4 did not

TABLE 3. Association* of Cesarean Section for Higher Utilization† of Outpatient Visits and Hospital Admissions by Parent-
reported Diagnostic Categories

Time
Period (Mos)

Outpatient Visits Hospital Admissions

Vaginal %‡ Cesarean %‡ OR (95% CI) Vaginal %‡ Cesarean %‡ OR (95% CI)

Any illness (overall) 0–18 46.4 49.7 1.10 (0.96–1.26) 28.0 23.4 0.92 (0.79–1.08)

0–3 35.1 35.9 1.01 (0.87–1.18) 12.2 9.3 0.90 (0.71–1.14)

3–9 36.9 38.9 1.07 (0.92–1.25) 14.9 13.1 1.12 (0.91–1.39)

9–18 38.4 42.2 1.08 (0.92–1.26) 13.8 10.9 0.85 (0.67–1.08)

Febrile illness 0–18 48.7 49.7 1.00 (0.88–1.15) 14.4 11.9 0.97 (0.79–1.18)

0–3 14.4 12.1 0.90 (0.73–1.12) 4.7 3.3 0.84 (0.57–1.23)

3–9 36.2 36.3 1.05 (0.90–1.22) 6.7 6.3 1.23 (0.92–1.65)

9–18 44.2 45.8 1.03 (0.88–1.20) 8.1 6.5 0.90 (0.67–1.21)

Respiratory illness§ 0–18 48.3 51.2 1.05 (0.92–1.20) 5.4 4.6 1.05 (0.76–1.43)

0–3 39.7 41.2 1.07 (0.92–1.23) 1.9 1.9 1.18 (0.70–1.98)

3–9 41.8 46.1 1.16 (1.01–1.35) 3.0 2.5 1.09 (0.70–1.70)

9–18 42.8 48.4 1.19 (1.02–1.38) 2.0 1.9 1.01 (0.58–1.75)

Gastrointestinal illness§ 0–18 46.2 49.0 1.01 (0.88–1.15) 8.1 6.8 0.99 (0.76–1.29)

0–3 12.1 15.9 1.27 (1.03–1.55) 3.5 2.2 0.70 (0.44–1.11)

3–9 33.0 33.4 0.97 (0.84–1.14) 4.4 4.4 1.32 (0.93–1.88)

9–18 25.7 28.7 1.17 (0.98–1.39) 2.5 1.7 0.71 (0.41–1.23)

Skin conditions§ 0–18 24.1 29.6 1.10 (0.94–1.28) 0.9 0.6 0.83 (0.37–1.86)

0–3 5.5 9.6 1.43 (1.09–1.87) 0.4 0.2 0.34 (0.07–1.70)

3–9 18.0 20.5 1.00 (0.84–1.20) 0.4 0.2 0.47 (0.09–2.34)

9–18 9.6 12.1 1.13 (0.89–1.45) 0.4 0.4 1.69 (0.52–5.53)

All other conditions§ 0–18 25.8 28.2 1.06 (0.91–1.23) 5.5 4.8 0.97 (0.71–1.33)

0–3 8.0 8.4 0.96 (0.74–1.24) 2.7 2.3 0.94 (0.59–1.49)

3–9 14.2 15.0 1.06 (0.86–1.30) 2.2 1.7 0.91 (0.53–1.55)

9–18 13.3 16.5 1.33 (1.08–1.65) 2.0 1.9 0.86 (0.49–1.50)

*Fully adjusted (ie, corresponding to Model 3 in Table 2) for maternal age, gestational age, birth order, gender of infant, birth weight, breast-feeding history, exposure to
environmental tobacco smoke after pregnancy, environmental tobacco smoke during pregnancy, type (private vs. public) of hospital during delivery, highest parental education, and
utilization of outpatient visits or hospital admissions where appropriate. The reference group was vaginal delivery.

†Higher utilizers were those whose number of outpatient visits or hospital admissions was more than the median for each diagnosis-specific category (ie, median number of
outpatient visits were 1, 3, 3, 7, for any illness, 0, 1, 1, 2 for febrile illness, 0, 1, 1, 3 for respiratory illness, 0, 0, 0, 0 for gastrointestinal illness, skin and all other conditions from
0 to 3, 3 to 9, 9 to 18, 0 to 18 months respectively, and median number of inpatient episodes was 0 for all categories throughout).

‡The proportion of infants with higher utilization of outpatient visits or hospital admissions in this category.
§Except concurrent febrile illness.
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change the point estimates or confidence intervals substan-
tially. Adjustment of inpatient visits by the number of out-
patient visits and vice versa did not change any of the ORs
appreciably (data not shown). The results were also robust to
separately considering unassisted (reference category) and
instrument-assisted vaginal births.

After further disaggregating the fully adjusted results
(Model 4) by parent–reported diagnostic groups (Table 3),
surgical delivery was associated with more outpatient care
use for afebrile gastrointestinal illness and skin conditions in
the first 3 months. Higher outpatient utilization was also
observed for afebrile respiratory and other conditions, as was
an increased risk of inpatient care for afebrile gastrointestinal
illness from 3 to 9 months. However, none of the time periods
(ie, 0–3, 3–9, 9–18 months) appeared to be any more sus-
ceptible in general.

Furthermore, we did not see any consistent association
between the use of inpatient or outpatient health services and
the type of vaginal delivery (assisted with forceps/suction or
no instrumentation).

DISCUSSION
Cesarean section is indicated for difficult operative

vaginal and breech deliveries1,13,14 as well as prior cesarean
births.15 However, changes in these indications are not
enough to account for most of the rise in surgical birth rates
in recent years.9 There have been sporadic reports that link
cesarean delivery to neonatal respiratory morbidity12 and
adverse infant outcomes such as diarrhea/gastroenteritis,10,11

atopy,11 and asthma.10 The present analyses provide evidence
from a Chinese, postindustrialized population that cesarean
birth is not associated with hospitalization or outpatient visits
during the first 18 months overall. We cannot completely rule
out isolated links with afebrile respiratory, gastrointestinal,
skin and other minor conditions in the ambulatory setting.

This study has the advantages of longitudinal design,
large sample size, high rates of recruitment uptake, and
follow-up—thus minimizing selection biases and strengthen-
ing generalizability. In addition, we were able to adjust for a
range of potential confounders in the multivariable models.
Our hierarchical adjustment highlighted the importance of
taking into full account the various sets of confounding
factors when considering the use of health services as an
outcome. Consistent with experience elsewhere, the most
important of these was socioeconomic position, with higher
SES families having more access to elective medical services.
The odds ratios in Table 2 did not change appreciably from
the crude estimates until Model 3 incorporated the 2 socio-
economic indicators.

Regarding the few isolated positive associations be-
tween a surgical birth and outpatient episodes for minor
morbidities (Table 3), we cannot rule out residual confound-
ing by socioeconomic position or other factors, especially in
light of the inconsistent timing of the observed relationships
across diagnostic subgroups, and the negative overall findings
throughout the first 18 months. Type I error could also
explain these associations, given the large number of com-
parisons in the subgroup analyses. If these specific associa-

tions are confirmed in other studies, they could perhaps be
explained biologically, as has been suggested by some reports
in the literature.11,16–20

Several caveats bear mention. First, we were unable to
distinguish between primary versus repeat cesarean. Also, we
did not have data on the clinical indications or parental choice
with respect to method of delivery. However, all analyzed
subjects were term singletons, and adjusting for birth order
(first born vs. subsequent births) did not markedly change the
direction or magnitude of associations. Second, our data
relied on parental self-report of method of delivery, fre-
quency and type of health services use, and doctor diagnoses
of illness conditions. There is no reason to believe misclas-
sification would be systematic. Third, we relied on medical
care utilization rather than underlying illness as outcome
measures. This could potentially bias our findings if there
were fundamental differences in a family’s reliance on doctor
or hospital visits to handle infant illnesses that also related to
the method of delivery. To compensate, we controlled for
highest parental education attainment as well as the type of
hospital at birth (public vs. private ownership).

Given the continued rise in cesarean rates, there should
be continued surveillance of possible health consequences in
both the mother and infant, including follow-up beyond the
18-months period considered here.
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COMMENTARY

Health Consequences of the Increasing Caesarean
Section Rates

José M. Belizán,* Fernando Althabe,* and Marı́a Luisa Cafferata†

Abstract: Caesarean section (C-section) rates are rising in many
middle- and high-income countries, with the justification that higher
rates of C-section are associated with better outcomes. A review of
79 studies comparing outcomes of elective caesarean sections with
vaginal deliveries, including both observational studies and random-
ized trials, suggests that caesarean sections may have substantially
greater risks than vaginal deliveries. In this issue of EPIDEMIOLOGY,
Leung and colleagues present data from Hong Kong on morbidity in
offspring related to C-section. Such studies are needed to widen the
scope of possible health outcomes related to elective C-sections, in-
cluding such endpoints as maternal satisfaction and women’s relation-
ship with their child. Testing of interventions to reduce unnecessary
C-sections is also needed, with strategies to enhance the role of women
in the process of their obstetric care.

(Epidemiology 2007;18: 485–486)

In 1999, 27% of deliveries in Hong Kong were by caesarean
section (C-section). This high rate of C-section prompted

Leung et al1 to explore the consequences of caesarean deliv-
ery for the infant’s health, with results presented in this issue.
Hong Kong is not unique. There has been a striking increase in
C-sections in medium- and high-income countries around the
world. There are several and complex reasons for this trend.2

C-section is a surgical procedure developed to pre-
vent or treat life-threatening maternal or fetal complica-
tions. Changes in medical indications do not explain the
recent increases in C-section rates. One reason sometimes
mentioned for the increase is women’s choice.3 However,
at least in Latin American countries, pregnant women still
favor vaginal delivery, either because recovery is faster or
because it is the natural way to deliver.4,5 This preference
is found even among women receiving a C-section and at
hospitals with extremely high C-section rates.

What level of C-sections in the population is appropri-
ate? Twenty years ago, the World Health Organization6 recom-
mended that no more than 15% of deliveries should be delivered

by C-section, pending evidence that higher levels benefit either
mothers or their offspring. Of 60 medium- and high-income
countries reviewed in a recent study,7 the majority (62%) had
national rates of C-section above 15%. If we assume, based on
the World Health Organization recommendations, that C-section
rates above 15% lack medical justification, then there are 3.5
million medically unjustified interventions performed among
these countries yearly.

What are the consequences of these trends for the
health of women and babies? To the extent that high rates of
C-sections are not medically indicated, they unnecessarily
expose the mother and child to consequences that are not
fully understood.7,8 In such procedures, the mother and her
partner have no active participation in the birth of their child.
The costs and benefits of this elective procedure, both phys-
ical and emotional, should be seriously explored before
accepting the liberalization of its use.

Elective caesarean section may provide some benefits.
A systematic review of 79 studies of elective C-sections
versus vaginal deliveries, including observational and ran-
domized trials, has shown that women with C-section have
decreased urinary incontinence at 3 months and decreased
perineal pain in comparison with those having a vaginal
delivery.9 On the other hand, C-section was associated with a
higher risk of maternal mortality, hysterectomy, ureteral tract
and vesical injury, abdominal pain, neonatal respiratory mor-
bidity, fetal death, placenta previa, and uterine rupture in
future pregnancies.10 One limitation of observational studies
is that the associations with poor outcomes could be due to
the conditions that trigger the C-section rather than the
C-section itself, despite statistical efforts to adjust for these
confounders. Consequently, the strength of this evidence
should be considered with caution.

Two recent reviews of observational or ecological stud-
ies have examined the association of C-section rates with
maternal and neonatal mortality and morbidity. One is the
study mentioned above, using data on 60 medium- and
high-income countries of all regions,7 and the other is based
on data from Latin American countries.2 Both reviews found
no evidence for reductions in maternal and neonatal mortality
and morbidity with increases in C-section rates to above 10%.
In fact, higher rates of C-section were associated with higher
rates of maternal and neonatal mortality and morbidity.2 For
example, Barros et al11 showed that, between 1982 and 2004,
the C-section rate in one city in southern Brazil increased
from 28% to 43%, whereas the preterm birth rate has in-
creased from 6% to 16%. The increase in preterm births
occurred despite improvements in socioeconomic and nutri-
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tional conditions in the population.11 The increase in C-
section rates and also an increase in elective induction of
labor contributed to this trend.

Most observational studies have focused on the out-
comes of next pregnancy. The study by Leung et al1 provides
useful data on the postpartum morbidity of the offspring
themselves delivered by C-section. While the authors found
no clear evidence of either harm or benefit among the off-
spring delivered by C-section compared with vaginal deliv-
ery, their study is a good example of studies that expand the
range of possible outcomes related to mode of delivery. Other
outcomes might include short- and long-term maternal satis-
faction and maternal-infant bonding.

Given the lack of evidence for substantial benefit from
elective C-section and the possibility of substantial harm,
research is also needed to better understand the reasons for
the rising trends, and to design and test interventions that can
reduce unnecessary C-sections. Recent attempts tested in a
rigorous trial have resulted in only a small decrease in
C-section rates.12

All of the actors involved in women’s health care
should be aware of the health, economic and social conse-
quences of elective C-section. Women’s organizations need
to play a relevant part in empowering women to play more
participatory roles in their care and to improve their knowl-
edge regarding the rationale for the use of C-sections and the
consequences of unnecessary use.

From a different perspective, many are arguing about
the need for a trial comparing elective C-section versus an
attempt to deliver vaginally.13 Whether such a trial can be
justified on an ethical and public health basis is still a matter
of debate. In our view, this is not currently a priority question
for the developing world.
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ORIGINAL ARTICLE

Estimating The Benefits of Mammography Screening
The Impact of Study Design

Anne Helene Olsen, Sisse H. Njor, and Elsebeth Lynge

Background: Mammography screening is justifiable only if it leads
to reduction in breast cancer mortality. However, evaluation of
routine screening is not straightforward, as no unscreened control
group is available. We report here on a cohort study of the effect of
routine mammography on breast cancer mortality, and illustrate how
variations in the analytic approach can affect the conclusions.
Methods: We used data from the mammography screening program
in Copenhagen, Denmark, for the period 1991–2001. We used local
historical, concurrent regional, and historical regional control
groups, and included only deaths from breast cancers diagnosed
during the observation periods. We examined the impact of various
control groups, of including all breast cancer deaths, and of using
individual data versus routine statistics.
Results: Combining all 3 control groups gave an estimated 25%
reduction in breast cancer mortality. The estimate was 20% using
only a local historical control group, and 9% using only a concurrent
regional control group. Including all breast cancer deaths resulted in
an estimate of 21% reduction in breast cancer mortality. Using
routine statistics and a concurrent regional control group resulted in
an estimated increase of 6% in breast cancer mortality.
Conclusion: Estimated changes in breast cancer mortality following
the introduction of routine mammography ranged from a 25%
reduction (based on the best methodology) to a 6% increase with a
less rigid study design. The estimated effect of routine mammogra-
phy on breast cancer mortality is thus highly dependent on study
design.

(Epidemiology 2007;18: 487–492)

Mammography screening has been thoroughly evaluated
in randomized trials.1–6 Although the trials overall

point to a reduction in breast cancer mortality following the
introduction of screening,1–7 Canadian trials formed an ex-
ception with no reduction in breast cancer mortality.5–6 The
trial data have furthermore been variously interpreted, lead-

ing in the United States to a recommendation of annual
screening for women above the age of 40 years,8 and in the
European Union to a recommendation of screening every 2–3
years for women age 50–69.9 Randomized trials are under-
taken in dedicated centers with high quality equipment and
quality assurance, and it is not straightforward to apply the
trial results to routine health care. Continuous evaluation of
mammography screening is therefore needed, as this service
is justifiable only if it reduces breast cancer mortality.

When screening is offered to all women in the target
group, no well-defined control group is available. Various
methods have been used to overcome this problem. The
estimated effects have varied accordingly, from a 6% reduc-
tion in breast cancer mortality in the United Kingdom10 to a
27% reduction in Sweden.11 Methods used to study the
benefits of mammography screening have been criticized,12,13

and it is therefore useful to examine the impact of specific
methods on the estimated effect.

We report here on the evaluation of routine mammog-
raphy in Copenhagen, Denmark. All Danish citizens have
personal identification numbers, and health care data are
centrally registered. We were therefore able to use individual
data, and to construct various control groups to assess breast
cancer mortality. We present here the outcome of the full
analysis, and the impact on the estimated effect on breast
cancer mortality of eliminating selective steps in the analysis.
These results form the basis for discussing the variability in
the estimated effects of mammography screening in other
countries.

METHODS
In the 1990s, 3 out of 16 administrative regions in

Denmark offered routine mammography screening.14 These
programs offered screening every 2 years to women age
50–69 years. There has been only limited use of mammog-
raphy screening outside the organized programs.15 The
Copenhagen program was started in 1991, with about 40,000
women invited in each invitation round. There was 71%
participation in the first round.

We estimated the effect of invitation to mammography
screening on breast cancer mortality for the first 10 years (ie,
the first 5 biennial invitation rounds) of the Copenhagen
program.

Full Cohort Study
We compared breast cancer mortality in 10-year peri-

ods in 4 cohorts: the study group (comprising women in
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Copenhagen during the screening period 1991–2001) and 3
control groups: a concurrent regional control group, including
women living in the nonscreening regions of Denmark in the
screening period 1991–2001; a local historical control group,
including women living in Copenhagen in the prescreening
period 1981–1991; and a historical regional control group,
including women living in the nonscreening regions of Den-
mark in the prescreening period 1981–1991 (Fig. 1). We call
this study design the full cohort study.

Construction of Study and Control Groups
The study group comprised all women invited to

screening in Copenhagen during the first 5 invitation rounds
(1 April 1991–31 March 2001). The first round targeted
women age 50–69 years on 1 April 1991. The second round
targeted women age 50–71 on 1 April 1993, but this practice
of inviting women above the age of 69 was later discontin-
ued. We used so-called incidence-based or “refined” mortal-
ity11,16 where women with breast cancer prior to their first
invitation are excluded from the analyses. A woman once
included in the study group remained even if she moved to
another address in Denmark. The study group was followed
for breast cancer mortality, with person-years at risk counted
from date of first invitation until date of death, emigration

from Denmark, or end of follow-up on 31 March 2001,
whichever came first.

The concurrent regional control group was formed of
women from the same age group living in Denmark at any
time between 1 April 1991 and 31 March 2001 outside the 3
regions with organized mammography screening programs.
We allocated pseudo-invitation dates to these women follow-
ing the schedule used for invitation dates in the Copenhagen
program, and excluded women with breast cancer prior to
their first pseudo-invitation date. The concurrent regional
control group was followed for breast cancer mortality in the
same way as the study group.

The local historical control group was formed of
women from the same age group living in Copenhagen at any
time between 1 April 1981 and 31 March 1991 (the 10 years
before the mammography screening program was imple-
mented). Pseudo-invitation dates were allocated to these
women following the schedule used for invitation dates in the
Copenhagen program. Women with breast cancer prior to
their first pseudo-invitation date were excluded. The local
historical control group was followed for breast cancer mor-
tality with person-years at risk counted from date of first
pseudo-invitation until date of death, emigration from Den-
mark, or end of follow-up on 31 March 1991, whichever
came first.

The historical regional control group was formed of
women from the same age group living in Denmark at any
time between 1 April 1981 and 31 March 1991 outside the
3 regions later implementing organized screening pro-
grams. As before, we allocated pseudo-invitation dates and
excluded women with breast cancer prior to their first
pseudo-invitation date. These women were followed for
breast cancer mortality in the same way as the local
historical control group (Fig. 1).17

Data
The study and control groups were based on date of

birth, and actual and historical addresses available in the
Central Population Register. Data on invitation to screening
in Copenhagen came from the municipality register used for
the administration of the program. Women with breast cancer
prior to first invitation (or pseudo-invitation) date were iden-
tified by linkage with the Danish Cancer Register. Dates of
death and emigration came from the Central Population
Register. Data on breast cancer as the underlying cause of
death came from the Danish Cause of Death Register. We
used the personal identification numbers to link registers. The
study was based entirely on register data and was approved
by the Danish Data Inspection Agency.

Statistical Method
To analyze the effect of invitation-to-screening, we

compared breast cancer mortality rates in the study group and
in the 3 control groups. We used a Poisson regression model
with 5-year age groups at follow-up (50–54, . . . 75–79),
calendar period (1981–1991 or 1991–2001), region (Copen-
hagen or nonscreening regions), and screening exposure (yes
or no).18 We computed a relative risk (RRreg

scr) estimating the

FIGURE 1. Study design of evaluation of breast cancer mortal-
ity in Copenhagen, Denmark, following the introduction of
mammography screening. A, Denmark outside the regions
offering routine screening. B, Copenhagen.
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regional differences in the screening period 1991–2001 by
comparing the study group with the concurrent regional
control group. Similarly, the relative risk (RRreg

his) estimated
the regional differences in the prescreening period 1981–
1991 by comparing the local historical control group with the
historical regional control group. In the full cohort study the
effect of screening could then be estimated by RRreg

scr/RRreg
his.

This estimate expresses the difference in breast cancer mor-
tality between Copenhagen and the nonscreening regions in
Denmark during the screening period, adjusted for the differ-
ence between Copenhagen and the nonscreening regions in
the prescreening period. This is an estimate of the pure
screening effect, assuming that the difference in breast cancer
mortality between Copenhagen and the nonscreening regions
of Denmark would have been the same in the prescreening
and the screening period had screening not been introduced.
In interpreting the results we had to take into consideration
additional information on the validity of this assumption. We
computed 95% confidence intervals (CIs) for all RRs. SAS
9.1 (SAS Institute, Cary, NC) was used for the analysis.

Eliminating Steps in the Analysis
We repeated the full cohort study with individual data

using the local historical or the concurrent regional control
group, to replicate the situation in which only 1 of these 2
types of control groups is available. We also performed the
full cohort study without excluding breast cancers diagnosed
before date of first invitation to screening—that is, without
using refined mortality. The study group for these analyses is
shown in Figure 2A.

We also examined the full cohort study with the indi-
vidual data but truncating the age group to 50–69 years. This
was done for comparison with analyses using routine statis-
tics (see below). We compared the study group with a

combination of the local historical, the concurrent regional
and the historical regional control groups with the local
historical control group only, and with the concurrent re-
gional control group only. The study group for the truncated
age group analyses is shown in Figure 2B.

Finally, we analyzed breast cancer mortality in women
age 50–69 based on aggregated data retrieved from routine
statistics, that is, the statistics published regularly in aggre-
gated form by Statistics Denmark. The time periods were the
same as in the full cohort study. The analysis was performed
using all 3 control groups combined, then the local historical
control group, and finally the concurrent regional control
group. The study group for the routine statistics analyses is
shown in Figure 2C.

Data
For the analyses based on individual records, data were

the same as used in the full cohort study. For the routine
statistics analyses, data on number of breast cancer deaths
were retrieved for each period and 5-year age group from
Statistics Denmark. Data on number of women living in
Copenhagen on 1 January in a given year were retrieved from
Statistics Denmark and used as an estimate of person-years
for that year.

Statistical Method
We used Poisson regression models as described for the

full cohort study. In the analyses using time alone, we
compared the breast cancer mortality rates in Copenhagen
before and during the screening period. In the analyses using
region alone, we compared breast cancer mortality rates in
Copenhagen in the screening period with the nonscreening
regions during the same period.

FIGURE 2. A, Recruitment and follow-up for the study group in the full cohort study. B, Recruitment and follow-up for the study
group in the full cohort study with age groups truncated to 50–69 years. C, Recruitment and follow-up for the study group in
the analysis based on routine statistics.
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RESULTS
In the full cohort study, adjusting for both period and

region and using refined mortality, the effect of mammogra-
phy screening on breast cancer mortality was estimated as an
RR of 0.75 (95% CI � 0.63–0.89) (Table 1). The full cohort
study using the local historical control group resulted in an
RR of 0.80 (0.68–0.94), whereas using the concurrent re-
gional control group resulted in a RR of 0.91 (0.80–1.05).
Performing the full cohort study without using refined mor-
tality produced a RR of 0.79 (0.70–0.89).

Performing the full cohort study with a truncated age
group of 50–69 resulted in a RR of 0.85 (0.68–1.05) (Table
1). The same analysis using the local historical control group
gave a RR of 0.84 (0.68–1.03), and using the concurrent
regional control group gave a RR of 0.93 (0.78–1.11). Per-
forming the cohort study with the truncated age group and
without refined mortality gave a RR of 0.86 (0.75–0.99).

The analysis based on routine statistics for the age
group 50–69 using all 3 control groups resulted in a RR of
0.87 (0.77–1.00), which is very similar to the full cohort
study with age groups truncated to 50–69 and without using
refined mortality (Table 1). The same analysis using the local
historical control group resulted in a RR of 0.90 (0.79–1.02),
and using only the concurrent regional control group resulted
in a RR of 1.06 (0.96–1.17).

DISCUSSION
The full cohort study, controlling for time and region

and using refined mortality, estimated a 25% decrease in
breast cancer mortality after introduction of mammography
screening. This approach estimates the combined effect of
mammography screening and a possible interaction between
period and region. The decreased breast cancer mortality
could therefore in principle reflect both the effect of mam-
mography and of some unsynchronized improvement in treat-

ment. However, breast cancer treatment in Denmark has been
standardized nationwide since 1977 through the Danish
Breast Cancer Cooperative Group.19 This means that all
hospital departments involved in diagnosis and treatment of
breast cancer have uniform guidelines for histopathology,
surgery, radiotherapy, and systemic therapy. Breast cancer
patients from the screening region have therefore been of-
fered the same treatment as patients from the regional control
group, both during the screening period 1991–2001, and
during the historical control period 1981–1991. On this basis
it is reasonable to interpret the reduction in breast cancer
mortality as a screening effect.

Any simplification of the analysis was accompanied by
a reduction of the estimated benefit of mammography screen-
ing. The local historical control group gave a 20% reduction,
the concurrent regional control group a 9% reduction, and the
elimination of refined mortality resulted in an estimated
benefit of 21%. A 15% reduction was found when only
women in the age range invited to screening were included in
the analysis. A local historical comparison based on routine
statistics showed only a 10% benefit from screening, and a
concurrent regional comparison based on routine data showed
a 6% higher breast cancer mortality in the screening region.
The estimated effect of mammography screening on breast
cancer mortality is therefore highly dependent on the study
design.

The decreased benefit with the local historical control
group is because this control group does not control for the
underlying increase in breast cancer mortality, resulting from
an underlying increase in breast cancer incidence.20 When the
concurrent regional control group was used, the estimated
benefit was reduced because breast cancer mortality, as well
as breast cancer incidence, was higher in Copenhagen than in
the rest of Denmark before the introduction of screening.21

TABLE 1. Relative Risk for Breast Cancer Mortality in the Copenhagen Program, by Degree of Adjustment

Degree of Adjustment

Study Group Control Groups

RR (95% CI)
No.

Deaths
Person-
Years

No.
Deaths

Person-
Years

Invited cohort: all ages, time, region, refined mortality 223 430,823 4894 9,085,645 0.75 (0.63–0.89)

Invited cohort: all ages, time, refined mortality 223 430,823 438 634,224* 0.80 (0.68–0.94)

Invited cohort: all ages, region, refined mortality 223 430,823 2333 4,396,417 0.91 (0.80–1.05)

Invited cohort: all ages, time, region 506 440,824 9983 9,244,489 0.79 (0.70–0.89)

Invited cohort: truncated age group (50–69), time, region,
refined mortality

139 327,796 3350 7,297,832 0.85 (0.68–1.05)

Invited cohort: truncated age group (50–69), time, refined
mortality

139 327,796 253 465,574* 0.84 (0.68–1.03)

Invited cohort: truncated age group (50–69), region,
refined mortality

139 327,796 1574 3,568,086 0.93 (0.78–1.11)

Invited cohort: truncated age group (50–69), time, region 347 334,800 7284 7,418,815 0.86 (0.75–0.99)

Age group 50–69, time, region 405 405,446 8912 9,483,216 0.87 (0.77–1.00)

Age group 50–69, time 405 405,446 673 580,312* 0.90 (0.79–1.02)

Age group 50–69, region 405 405,446 4358 4,712,489 1.06 (0.96–1.17)

*The high number of person-years in the historical control groups compared with the study groups is due to a decrease in population size in Copenhagen in the relevant age group.
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When breast cancer deaths in patients unaffected by
screening are included in the analysis, a dilution of the
estimated effect is expected. However, when refined mortal-
ity was dropped from the analysis, the estimated reduction in
breast cancer mortality was 21% and thus surprisingly close
to the estimated effect in the full model. The breast cancer
deaths during the screening and control periods in patients
diagnosed before these periods represent a stock of cases diag-
nosed over a long time interval. In our situation, some date
back to a time when the survival of breast cancer patients in
the provinces was catching up with survival in the capital
Copenhagen. Equal survival rates were established only in
patients diagnosed after the introduction of the national care
program in 1977.22 As a matter of fact, our assumption in the
full cohort model of no interaction between period and region
holds true only because the control period started in 1981, 4
years after the implementation of the national care program.
Historical differences carried over by long-living cases, as
described here, shows the need for refined mortality in the
evaluation of mammography screening.

The truncated analysis of the full cohort study, where
follow-up was stopped at the age of 69, gave an estimated
15% reduction in breast cancer mortality. This illustrates that
a notable proportion of the prevented deaths occurred after
the women left the screening program at the age of 70. It is
therefore misleading to restrict the effect of screening only to
women at the ages at which they are invited to screening.

The routine statistics analysis using the concurrent
regional control group combines all the limitations listed
above: it ignores the fact that breast cancer mortality was
higher in Copenhagen than in the rest of Denmark before the
introduction of screening, it excludes the effect of screening
above the age of 70 when women have left the program, and
it does not use refined mortality. This analysis showed a 6%
higher breast cancer mortality in the screening region than in
the rest of Denmark, far from the 25% reduction estimated
using the best methods.

The impact of routine mammography on breast cancer
mortality has also been evaluated in other countries. We
review the outcome of these studies in light of the impact of
analytic design found in the present study. We consider only
studies of organized programs, and not the US situation
where mammography screening was taken up gradually.23

Organized mammography screening for women age
50–64 years started in England and Wales in 1988, but
national coverage was achieved only in 1995. Blanks et al10

fitted an age-cohort model for breast cancer mortality using
data from 1971–1989 to predict breast cancer mortality in
1990–1998 in the absence of screening. They used the
observed mortality reduction of 14.9% in the age groups
50–54 and 70–79 in 1998 as an estimate of the mortality
reduction attributable to treatment. The observed mortality
reduction in the age group 55–69 was 21.3%, of which 6.4%
(21.3% � 14.9%) was attributed to screening. Several issues
discussed for the Danish study are relevant in evaluating this
result. First, the study was affected by exposure misclassifi-
cation, because the data were not categorized according to the
exact dates for implementation of screening. Second, the

follow-up period was short, to a certain extent comparable
with the analyses where we ended follow-up at the age of 69.
Third, not using refined mortality could have diluted the
result. Finally, the impact of improved treatment was esti-
mated from trends in younger and older women and not from
women of similar age in unscreened regions.

In the Netherlands, organized screening for women age
50–69 was introduced by municipality between 1989 and
1997. Breast cancer mortality rates for women age 45–54,
55–74, and 75–84 were calculated for up to 18 years before
and up to 12 years after screening was introduced.24 For
women age 55–74, a 0.32% (95% CI � 0%–0.65%) increase
per year was observed in the prescreening period versus a
1.67% (2.39%–0.96%) decrease per year in the screening
period. An extrapolation of these trends to 10 years after start
of screening gives an estimated 10% decline in breast cancer
mortality rates for women age 55–74 attributable to screen-
ing. Again, refined mortality was not used. Only a historical
control group was used, and changes over time due to causes
other than screening could therefore not be taken into ac-
count. The authors argued, however, that the effect was not
likely to be due to better treatment, as the turning point in the
mortality curves was around the time of introduction of
screening, regardless of whether screening was started early
or late.

The Swedish Organised Service Screening Evaluation
Group estimated the effect on breast cancer mortality of
invitation to screening in 13 Swedish areas where screening
was offered to women age 40–69 or 50–69 and started
between 1980 and 1990. Participation at first round varied
from 63% to 93%.11 The refined mortality was followed up to
2000–2001 and compared with that of the same age group
during a prescreening period of the same length. No non-
screened regional control group was used, and only mortality
up to the age of 69 was considered. The authors estimated a
27% reduction in breast cancer mortality in the screening
period compared with that of the prescreening period (RR �
0.73; 95% CI � 0.69–0.77). The estimated reduction for
screened women was RR � 0.55 (0.51–0.59).

A study from Finland followed almost the same meth-
odology as the Danish study. In Turku, Finland, screening
was introduced for women age 55–69 in 1988–1989.25

About 89% of Finnish women participated in the screening
programs at that time.26 The refined breast cancer mortality
over the next 15 years in these women was compared with
that of an historical, nonscreened control group, and with the
2 similar groups from Helsinki, where screening was imple-
mented later. Treatment was expected to have developed
uniformly throughout Finland following commonly imple-
mented guidelines. Breast cancer mortality was estimated
to have been reduced by 42% in Turku compared with
Helsinki (RR � 0.58; 95% CI � 0.41– 0.83). Participation
was considerably higher in Turku than in Copenhagen, and
the estimated 42% reduction for all women in Turku is
close to the estimated 37% reduction for participants in
Copenhagen.17

The studies from England and Wales and the Nether-
lands used a crude methodology to estimate 6%–19% reduc-
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tions in risk. The possibilities for linkage of individual data
are particularly good in the Nordic countries, allowing for a
more rigid study design. From the Nordic countries, the
estimated reduction in breast cancer mortality after introduc-
tion of screening varied from 25% to 42% for all women
depending on participation rate, and from 37% to 45% for
participants. These estimated effects sharply contrast the
relatively flat trends seen in the overall breast cancer mortal-
ity in Copenhagen and Stockholm during the same period.27

The Nordic results underscore that routine data are insuffi-
cient to uncover the true effect of screening.

The Danish data illustrate the importance of the study
design in analyzing the effect of routine mammography on
breast cancer mortality. Great care should be taken in the
selection of control groups and, if possible, some adjustment
should be made when using a historical or a regional control
group. Because part of the mortality reduction occurs in the
invited cohorts after they have left the screening program, use
of routine statistics data truncated to the age interval of the
invited women is problematic. Refined mortality is crucial
because breast cancers diagnosed before the start of the
program are unaffected by screening but potentially affected
by other factors, and therefore result in biased effect esti-
mates that can be difficult to interpret.
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ORIGINAL ARTICLE

Decreasing Association Between Body Mass Index and
Blood Pressure Over Time

Nadia Danon-Hersch,* Arnaud Chiolero,* Conrad Shamlaye,† Fred Paccaud,* and Pascal Bovet*†

Background: Our purpose was to assess blood pressure (BP) and its
relationship with body mass index (BMI) over a 15-year interval in
the Seychelles, a rapidly developing country in the African region.
Methods: Two independent cross-sectional examination surveys
were conducted in 1989 (n � 1081) and 2004 (n � 1255) using
representative samples of the population age 25–64 years.
Results: Between 1989 and 2004, mean BP (mm Hg) decreased
slightly (from 133/87 to 131/86 in men and from 127/82 to 124/81
in women), with little change in the age-standardized prevalence of
high BP (BP �140/90 or current treatment; from 45% to 44% in
men and from 34% to 36% in women). During this same time
period, there were marked increases in awareness (from 42% to
64%), treatment (22% to 59%), and control (3% to 20%) among
participants with high BP. The prevalence of overweight (BMI �25
kg/m2) increased from 39% to 60%. Furthermore, the linear rela-
tionship between BMI and BP was markedly weaker in 2004 than in
1989, irrespective of antihypertensive treatment and age, and among
both lean and overweight participants. Among untreated persons, a
BMI increment of 1 kg/m2 was associated with an elevation of
2.0/1.5 mm Hg of systolic/diastolic BP in 1989 but only 1.3/1.0 mm
Hg in 2004.
Conclusions: The association between BMI and BP has decreased
over time. Further study is needed to understand the reasons for the
decline in this association, and what the implications are in the
context of the obesity epidemic.

(Epidemiology 2007;18: 493–500)

High blood pressure (BP) is a leading cause of the global
burden of disease.1 In 2000, 26% of the adult worldwide

population was affected by hypertension and 29% were
projected to have this condition by 2025.2 Two-thirds of the

hypertension-attributable burden of disease occurs in the
developing world.3 Data from the past 2 decades suggest that
the prevalence of hypertension has decreased in most devel-
oped countries,4,5 but has increased in several developing
countries.5

Whereas increasing proportions of hypertensive per-
sons are being treated, the rates of hypertension control
remain generally poor and vary greatly across regions.4,5

Recent estimates suggest that among all hypertensive persons
in North America, 44% were treated and 23% controlled (BP
�140/90 mm Hg), while in 6 European countries, 27% were
treated and only 8% controlled.6 The few available popula-
tion-based studies in developing countries suggest even lower
control rates.7,8

The prevalence of hypertension, and of several other
conditions (including diabetes), is considered to be linked to
the worldwide epidemic of obesity.9 The strong association
between BP and body weight has been well documented in
various populations.8,10–13 However, unlike the prevalence of
diabetes, which has increased over time in parallel with
obesity,14 mean BP and the prevalence of hypertension have
decreased in many developed countries.4,15 Part of the de-
crease in mean BP over time may relate to larger proportions
of hypertensive persons under treatment. Nevertheless, a
study assessing BP trends in the 38 populations of the WHO
MONICA project between the mid 1980s and the mid 1990s
showed a decrease in mean BP in the entire distribution of BP
readings, suggesting that much of the decrease was not
attributable to antihypertensive medication.16 The causes of
this apparent BP decline over time in these populations
remain largely unexplained.

One possible explanation for the diverging trends in the
frequency of obesity and hypertension is that the relationship
between body mass index (BMI) and BP might have changed
over time. In this paper, we assess trends over time in mean
BP, prevalence, awareness, treatment and control of high BP,
and explore the relationship between BP and BMI in the
Seychelles, a rapidly developing country in the African re-
gion. Our analyses are based on 2 independent surveys
conducted in 1989 and in 2004 using almost identical sam-
pling and measurement methods.

METHODS
The Republic of Seychelles is located in the Indian

Ocean, 1800 km off the coast of Kenya (hence in the African
Region). The large majority of the population is of African
descent and its ethnic composition has remained stable over
the past several decades. The national gross domestic product
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per capita rose, in real terms, from US$ 2927 in 1980 to US$
5239 in 2004. Cardiovascular diseases currently account for
nearly 40% of all deaths, cancer for 15%, and AIDS/HIV for
less than 1%. A high prevalence of cardiovascular risk factors
such as high blood pressure, hypercholesterolemia, diabetes,
smoking, and obesity has been documented in the adult
population both in 1989 and 2004.17,18

Health care has been delivered for several decades
through a national health service with no direct fees to users,
and at least 1 drug was available for most types of antihy-
pertensive medications in 1989 and 2004. Since 1991, a
national campaign has been launched to raise awareness of
cardiovascular risk factors.

The Seychelles Heart Studies
Independent population-based examination surveys of

cardiovascular risk factors were conducted in 198917 and in
2004.18 For both surveys, the sampling frame consisted of a
random sex- and age-stratified sample of the population aged
25–64 years. Eligible individuals were selected from a data-
base derived from population censuses carried out in 1987
and 2002 and regularly updated by civil status authorities.
Eligible persons included all those listed in the census data
after exclusion of those dead (14), living abroad (24), or
unknown by district administrative authorities (32) out of
1635 persons in 2004. The samples were drawn from the
entire population in 2004, and from the population of the
main island (90% of the total population) in 1989. Quality
control procedures in both 1989 and 2004 surveys included
calibration of scales by National Bureau of Standards and
checks using known weights, training of survey officers to
measurement techniques, and pilot administration of the
questionnaires.

Measures
Both surveys followed similar methodologic proce-

dures.17,18 BP was measured with a mercury sphygmoma-
nometer. Our analyses are based on the average of the last 2
of 3 readings taken at intervals greater than 2 minutes after
the participants had been resting for at least 30 minutes, to
limit overestimation of BP related to anxiety associated with
the first BP readings.19 Cuff size (normal or large) was
adjusted to arm circumference. High BP was defined as
systolic/diastolic BP � 140/90 mm Hg or current antihyper-
tensive treatment. Weight was measured using calibrated
scales at 0.2 kg precision (Seca, Hamburg, Germany). Height
was measured with fixed stadiometers at 0.5 cm precision
(Seca). BMI was calculated as weight divided by squared
height (kg/m2). External factors that may affect BP were
similar in both surveys (eg, temperature is constant at around
28°C–30°C throughout the year, and use of stimulants or
nonessential medications has remained uncommon). Partici-
pants were fasting, and were also requested not to smoke,
drink, or eat before completion of all measurements.

In both surveys, trained officers administered a struc-
tured questionnaire. Awareness of hypertension was deter-
mined by asking participants if they had been told by a
medical doctor that they had elevated BP or hypertension.
Current antihypertensive drug treatment was determined by

asking participants if they were currently taking a pharmaco-
logical treatment for hypertension. Participants were asked to
bring along their medications. Alcohol consumption was
assessed by beverage-specific quantity/frequency questions;
on this basis, mean total ethanol intake was calculated. In this
report, we considered categories of average alcohol intake of
0, 1–59, and �60 mL ethanol per day. Participants’ occupa-
tion (as a proxy variable for socioeconomic status) was
assessed in 3 categories based on current or most recent job:
laborer and other nonqualified; intermediate; and qualified
nonmanual. Both surveys were approved by the Ministry of
Health following technical and ethical reviews and conducted
under the auspices of this Ministry. Subjects were free to
participate and gave informed consent (oral consent in 1989
and written consent in 2004).

Statistical Analysis
For both surveys, all estimates (except for Lowess

analysis) were weighted for age and sex to the WHO standard
world population.20 Differences in overall estimates (eg,
change between 1989 and 2004) were tested with the �2 test
for categorical variables and the t test for continuous vari-
ables, standardized for age. The shape of the relationship
between BMI and systolic/diastolic BP was assessed using
the Lowess method,21 a scatter-plot smoothing technique
based on robust locally weighted regression. In view of the
linear relationship, we used linear regression models to fit the
relationship between BMI and BP. Regression models were
adjusted for selected confounding variables (age, sex, alcohol
intake, occupation, and antihypertensive treatment). Models
were first fit separately for both surveys, including or exclud-
ing treated participants. We further evaluated whether the
relationship between BP and BMI changed between 1989 and
2004 in a model that included participants of both surveys,
introducing an interaction term (product term: BMI*survey)
and adjusted for potentially confounding variables. All re-
gression models were weighted to account for the sex- and
age-stratified sampling frame. We performed analyses with
Stata 9.0 (StataCorp, College Station, TX).

RESULTS
In 1989, 1081 participants aged 25–64 years took part

in the survey (participation rate 86%); in 2004 there were
1255 participants (80%). The distribution of age-adjusted
mean systolic and diastolic BP, BMI, daily alcohol and
tobacco consumption, and occupation categories are pre-
sented on Table 1.

The prevalence of high BP increased across age catego-
ries and tended to be higher in men than in women (Table 2).
The prevalence of high BP did not change substantially between
1989 and 2004 in any of the age and sex groups. Among
subjects with high BP, awareness, treatment, and control of
the condition were markedly higher in 2004 than in 1989,
especially in women. Between 1989 and 2004, the prevalence of
subjects aged 25–64 with BP �160/100 mm Hg decreased from
19% to 13% among men and from 12% to 9% among women.

Between 1989 and 2004, mean systolic and diastolic
BP tended to decrease among both men and women (Fig. 1).
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During the same period, mean BMI rose markedly in all age
groups and in both sexes. Meanwhile, the prevalence of treated
high BP increased markedly, especially among older age groups.
Overall, 7% of all men and 11% of all women aged 25–64 were
treated in 1989, respectively 21% and 26% in 2004.

Figure 2 illustrates the crude relationship between BMI
and systolic and diastolic BP among untreated men and
women for each survey. The relation between BMI and both

systolic and diastolic BP was approximately linear, both in
1989 and 2004. However, the slope was clearly less steep in
2004 than in 1989. The same patterns of trends were found in
analyses conducted separately in participants aged 25–44 or
45–64 or when including subjects treated for hypertension
(data not shown, available upon request).

Table 3 shows the linear regression coefficients be-
tween BMI and BP by sex and survey year. Adjustment for

TABLE 1. Blood Pressure, Body Mass Index, and Selected Participants’ Characteristics,*
by Sex and Survey Year

Men Women

1989
(n � 513)

2004
(n � 568)

1989
(n � 568)

2004
(n � 687)

Systolic BP (mm Hg) 132.7 � 0.9 131.1 � 0.7 127.3 � 1.0 124.4 � 0.7

Diastolic BP (mm Hg) 87.1 � 0.7 85.5 � 0.5 82.5 � 0.6 81.3 � 0.4

BMI (kg/m2) 23.3 � 0.2 25.5 � 0.2 25.9 � 0.3 28.3 � 0.3

Ethanol intake (ml/d) 71.4 � 4.4 40.1 � 3.4 8.6 � 1.2 3.7 � 0.5

Number of cigarettes per day 6.5 � 0.4 3.2 � 0.3 0.7 � 0.1 0.3 � 0.1

Occupation (%)

Laborers 36 26 50 45

Intermediate qualification 54 58 36 36

Qualified nonmanual workers 10 16 13 18

All estimates are adjusted for age to the WHO standard world population.
*Mean � standard error, unless otherwise indicated.

TABLE 2. Prevalence of High Blood Pressure (BP) Among All Participants and Rates of Awareness,
Treatment, and Control Among Participants With High BP

Age Group (yrs)
No. in

1989, 2004

High BP (%)

Among Participants With High BP

Aware (%) Treated (%)
Controlled

(%)

1989 2004 1989 2004 1989 2004 1989 2004

Men

25–34 105, 126 26 23 33 31 4 24 0 10

35–44 127, 134 46 39 33 48 21 38 2 13

45–54 145, 158 55 56 38 64 14 58 1 12

55–64 136, 150 68 73 40 65 18 63 3 11

Women

25–34 123, 149 8 10 40 60 20 60 0 40

35–44 143, 176 34 30 43 66 22 60 2 34

45–54 145, 181 48 52 54 77 38 72 9 24

55–64 157, 181 66 70 52 84 34 83 5 31

Standardized (age 25–64 yrs)

Men 513, 568 45 44 36 55 15 49 2 12

Women 568, 687 34 36 49 75 31 72 5 30

Both sexes 1081, 1255 40 40 42 64 22 59 3 20

Standardized (age 35–64 yrs)

Men 54 53 37 60 18 54 2 12

Women 47 47 50 77 32 73 5 29

Both sexes 51 50 43 68 24 63 4 20

High BP is defined as systolic/diastolic BP �140/90 mm Hg or current antihypertensive treatment.
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potentially confounding variables such as age, alcohol intake
and occupation (all associated with systolic and diastolic BP;
results not shown) tended to weaken the relationship between
BP and BMI, particularly in women. Since smoking status
was not associated with BP and is not an important risk factor
for hypertension, we did not include it in the models. The
association between BP and BMI was virtually unchanged
whether participants under antihypertensive treatment were
included (and treatment factored in the model as an indicator
variable) or excluded from the analyses. Overall, the magni-
tude of the regression coefficient of BMI on BP decreased
substantially and consistently between 1989 and 2004, irre-
spective of sex and antihypertensive treatment.

Table 4 shows the difference between the slopes of the
linear regression of BMI on BP as observed in 2004 and
1989. This difference corresponds to the interaction between
survey year and BMI in multivariate models relating BMI to
BP, adjusting for the potential confounding variables indi-
cated in Table 3. For example, the interaction coefficient of
�0.71 (systolic BP, “all”, untreated) means that systolic BP
increased by 0.71 mm Hg less in 2004 than in 1989 for each
unit of BMI (1 kg/m2). The analysis by subgroups shows
that the interaction coefficient between survey year and
BMI was of similar magnitude, irrespective of sex, age, or
BMI category.

The equations corresponding to the multivariate models
among untreated persons are: systolic BP � 1.98*BMI �
12.94*year �1989: 0; 2004: 1� � 0.57*age � 8.07*sex �0:
women; 1: men� � 1.96* daily ethanol intake of 1–59 mL
�no: 0; yes: 1� � 4.86* daily ethanol intake of �60 mL �no:
0; yes: 1� � 0.44* intermediate qualification occupation
�no: 0; yes: 1� � 3.98* highly qualified occupation �no: 0;
yes: 1� � 0.71*BMI*year � 68.85 and diastolic BP �
1.46*BMI � 9.45* year � 0.26*age � 5.40*sex � 1.27*
daily ethanol intake of 1–59 mL � 4.30* daily ethanol intake
of �60 mL � 0.36* intermediate qualification occupation �
2.18* highly qualified occupation � 0.50*BMI*year �
45.98. It follows from the models that the slope of the
regression of BMI on systolic BP was 1.98 mm Hg per unit
of BMI in 1989 (ie, 1.98–0.71*0) and 1.27 in 2004 (ie,
1.98–0.71*1). Therefore, the increase in systolic BP related
to a BMI increase from 25 to 35 kg/m2 was 19.8 mm Hg in
1989, but only 12.7 mm Hg in 2004. Similarly, the predicted
increase in diastolic BP associated with a 10-kg/m2 BMI
increase was 14.6 mm Hg in 1989, but only 9.6 mm Hg in
2004.

DISCUSSION
While mean BMI increased sharply in the Seychelles

between 1989 and 2004, mean BP and the prevalence of high
BP remained essentially unchanged at the population level. A
major finding was the secular decline in the direct relation-
ship between BMI and BP, which was not explained by the
increasing proportion of hypertensive persons under treat-
ment in the interval.

This study has some limitations. First, BP was assessed
on a single visit, which is likely to result in an overestima-
tion.22 Second, medication was self-reported, which could

FIGURE 1. Mean systolic/diastolic blood pressure, mean body
mass index and prevalence of treated high BP among all
participants in 1989 and in 2004.

FIGURE 2. Smoothed curves relating systolic and diastolic
blood pressure and body mass index in untreated subjects in
1989 and in 2004.
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lead to some misclassification. This bias was reduced since
most participants brought their medications along. These
limitations are unlikely to explain the decreasing relationship

between BMI and BP over time since the same procedures
and devices for BP measurement were used in 1989 and
2004. Third, since there were more very obese persons in

TABLE 4. Difference in the Relation Between Blood Pressure (mm Hg) and Body Mass Index (kg/m2) Between 1989 and
2004 by Subgroups of Selected Variables

No.
Participants

Systolic Blood Pressure Diastolic Blood Pressure

All Not Treated All Not Treated

All
Not

Treated
Change

in � (95% CI)
Change

in � (95% CI)
Change

in � (95% CI)
Change

in � (95% CI)

Sex

Men 1081 892 �0.72 (�1.25 to �0.18) �0.65 (�1.24 to �0.06) �0.66 (�1.02 to �0.29) �0.63 (�1.03 to �0.23)

Women 1255 966 �0.77 (�1.11 to �0.43) �0.77 (�1.13 to �0.40) �0.57 (�0.78 to �0.36) �0.52 (�0.76 to �0.29)

Age (yrs)

25–44 1083 989 �0.63 (�0.97 to �0.29) �0.52 (�0.86 to �0.18) �0.43 (�0.68 to �0.19) �0.33 (�0.58 to �0.08)

45–64 1253 869 �0.75 (�1.21 to �0.30) �0.83 (�1.35 to �0.31) �0.66 (�0.92 to �0.40) �0.73 (�1.03 to �0.43)

BMI (kg/m2)

�25 1086 983 �0.98 (�1.92 to �0.05) �1.18 (�2.13 to �0.22) �0.86 (�1.45 to �0.26) �0.95 (�1.58 to �0.33)

�25 1250 875 �0.67 (�1.24 to �0.09) �0.71 (�1.36 to �0.05) �0.40 (�0.76 to �0.04) �0.35 (�0.77 to 0.07)

All 2336 1858 �0.74 (�1.02 to �0.47) �0.71 (�1.02 to �0.41) �0.56 (�0.74 to �0.38) �0.50 (�0.70 to �0.30)

Results are from multivariate regression models that are adjusted for age, sex, survey year, alcohol intake, occupation and antihypertensive treatment.
Change in � indicates difference in the regression coefficients between 2004 and 1989 (ie, interaction between survey year and BMI).

TABLE 3. Univariate and Multivariate Association Between Blood Pressure and Body Mass Index in 1989
and in 2004

1989 2004

All Not Treated* All Not Treated*

� (95% CI) � (95% CI) � (95% CI) � (95% CI)

Systolic blood pressure

Men

Unadjusted 1.59 (1.08–2.09) 1.49 (0.93–2.06) 0.94 (0.65–1.22) 0.90 (0.57–1.22)

Adjusted† 1.47 (1.00–1.94) 1.57 (1.07–2.07) 0.72 (0.43–1.00) 0.91 (0.58–1.23)

Women

Unadjusted 1.61 (1.27–1.94) 1.45 (1.10–1.81) 0.86 (0.66–1.06) 0.55 (0.36–0.75)

Adjusted† 0.94 (0.63–1.26) 1.09 (0.77–1.41) 0.28 (0.11–0.46) 0.38 (0.18–0.57)

All

Unadjusted 1.36 (1.08–1.63) 1.19 (0.89–1.49) 0.69 (0.52–0.86) 0.49 (0.31–0.67)

Adjusted† 1.10 (0.84–1.36) 1.23 (0.96–1.50) 0.45 (0.31–0.60) 0.58 (0.42–0.74)

Diastolic blood pressure

Men

Unadjusted 1.26 (0.93–1.58) 1.24 (0.88–1.61) 0.62 (0.42–0.82) 0.63 (0.41–0.86)

Adjusted† 1.20 (0.87–1.52) 1.31 (0.97–1.66) 0.48 (0.28–0.68) 0.64 (0.42–0.87)

Women

Unadjusted 1.09 (0.89–1.29) 1.00 (0.79–1.20) 0.55 (0.42–0.67) 0.41 (0.27–0.55)

Adjusted† 0.74 (0.56–0.91) 0.81 (0.63–1.00) 0.29 (0.16–0.41) 0.36 (0.21–0.50)

All

Unadjusted 0.95 (0.77–1.12) 0.86 (0.68–1.05) 0.45 (0.34–0.56) 0.38 (0.26–0.50)

Adjusted† 0.88 (0.72–1.04) 0.96 (0.79–1.13) 0.35 (0.25–0.45) 0.45 (0.33–0.57)

� indicates linear regression coefficient of body mass index on blood pressure (mm Hg/kg/m2).
*Not treated: models do not include persons under antihypertensive treatment.
†Adjusted: covariates include age, sex, alcohol intake, occupation and antihypertensive treatment.
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2004 than in 1989, the use of a large cuff instead of a very
large cuff (in relation to arm circumference) might have led to
some overestimation of BP in 2004 as compared with 1989.
However, this bias is probably minimal as the prevalence of
extreme obesity was low and the change in the BMI-BP
relationship was of similar magnitude among both lean and
overweight persons. Furthermore, overestimation of BP due
to higher prevalence of extreme obesity in 2004 than in 1989
would tend to underestimate the secular decrease in the
BMI-BP relationship.

Some residual confounding by socioeconomic status
cannot be ruled out since the 3-category indicator is rather
imprecise. However, years of education would not be a better
indicator in our study as the number of years of obligatory
education has increased dramatically over the past few de-
cades in the Seychelles and education years tends to be a
proxy of a person’s age in this population. More generally,
the issue of capturing socioeconomic status in developing
countries is a difficult and still unsolved problem.23

The strengths of the study include its base in indepen-
dent population-based surveys with high participation rates,
and use of same procedures in both surveys. The prevalence
of high BP in Seychelles (40% at age 25–64 and 50% at age
35–64) is higher than in North America (28% at age 35–64)
and Europe (44% at age 35–64)6 and much higher than in
several African countries.24 As in Western Europe and in the
US,4,16,25 the prevalence of high BP in Seychelles has not
increased over the past 15 years (and even decreased in terms
of mean BP), while it has increased in several developing
countries.24 Control of high BP has largely improved in the
Seychelles in the past 15 years, and control indicators (eg,
proportions of hypertensive persons aware of their condition,
under medication and with BP controlled) are now more
similar to those in high-income than low-income countries.26

The direct and linear relationship between BP and BMI
has persisted over time, albeit at a weaker level. Such a
relationship has been consistently found in the literature,
including in developing countries,8,12 both in observational
studies27 and controlled trials.28 In our study, BP was also
associated directly with alcohol intake and inversely with
occupational qualification (as a proxy for socioeconomic
status), findings that are consistent with other reports,29,30

with no secular trends observed in this study.
A question arising from our findings is whether the

association between BMI and BP observed at the first survey
is stronger than expected or, instead, is the association ob-
served at the second survey weaker than expected? The
magnitude of the relationship in the first survey seems typical
of findings in population surveys, eg, the INTERSALT
study31 and other single-site community surveys.32,33 How-
ever, these surveys (mostly among non-Africans) were per-
formed in the late 1970s to 1990s and new studies should
re-examine the strength of the BMI-BP relationship in these
same populations more recently (assuming population weight
gain over time). In a recent study in the African Diaspora,34

the BMI-BP relationship varied greatly among populations
(eg, from 0.27 mm Hg/kg/m2 in male African Americans to
1.73 mm Hg/kg/m2 in male Ghanaians) and, generally, de-

creased across populations in Africa, the Caribbean islands,
and America, respectively, and along an increasing gradient
of prevalence of overweight.

The secular and substantial weakening of the relation-
ship between BMI and BP independent of antihypertensive
treatment may be due to other factors, for example, period-
specific bias in the measurement of BMI or BP (or both), or
changes in the environment of the population.

In terms of systematic biases in the measurement of BP
or BMI, selection bias could result from the exclusion of
participants under antihypertensive treatment, since these
participants are more likely to be obese and the prevalence of
treatment for hypertension has increased between 1989 and
2004. If true, this would have led to a decrease in the strength
of the relationship between BMI and BP mainly among older
subjects, whose proportion under treatment increased most
during the period of observation. However, the decreasing
relationship between BMI and BP was similar within all treat-
ment subgroups and age groups (the younger age category being
largely untreated in both surveys). This suggests that the ob-
served secular trend in the BMI-BP relationship is not explained
by the increasing treatment prevalence over time.

The role of a regression-dilution bias—which relates to
imprecision in exposure measurement—could be suggested.
Such a bias is unlikely to account for the difference in the
BMI-BP relation, as BMI was measured using same methods
in both surveys and, in addition, this measurement is fairly
precise and reliable. Variability in the measurement of BP
was minimized by taking the average of the last 2 of 3 BP
readings.

Alternative explanations for the decreasing BMI-BP
relationship over time include secular changes in other factors
associated with both BMI and BP that are not adjusted for in
our analyses. Examples might be dietary characteristics
(other than alcohol), socioeconomic factors (other than occu-
pation), and physical exercise. Trends in the intake of salt,
fruits and vegetables, or levels of physical exercise cannot be
directly observed in our surveys, but a recent study in Sey-
chelles showed fairly low salt intake.35 However, these well
known determinants of BP and BMI are not known to affect
the BMI-BP relationship, neither in this study (by testing
corresponding interactions) nor in the literature. An effect of
accommodation of individuals to BP measurement could
possibly account for some of the difference in BP levels
between 2004 and 1989. However, this factor is likely to be
minimal as BP measurement was already performed routinely
for all persons attending primary health care in 1989. Fur-
thermore, such an effect would be unlikely to affect the
BMI-BP relationship differentially in 2004 and in 1989.
Another argument against an accommodation effect is the
finding of a similar change in the BMI-BP relationship
between 1989 and 2004 in old or treated persons (submitted
to frequent BP measurement) and in young or nontreated
persons (less likely to undergo frequent BP measurement).

We assumed that adiposity is causally related to BP and
we used BMI as a proxy for adiposity. However, BMI is also
directly related to lean mass and therefore we cannot distin-
guish which component (increased adiposity or increased
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lean mass) is more important in determining the level of
BP.36 Alternative indicators of adiposity (eg, waist circum-
ference, direct assessment of visceral and subcutaneous body
fat) could help provide insight in mechanisms underlying the
changing BMI-BP relationship. For example, since BP tends
to relate more strongly to waist circumference than to BMI,37

changes in the adiposity distribution of individuals over time
might underlie differences in the BMI-BP relationship. At a
closer physiological level, changes in adiposity patterns of
individuals over time (particularly in relation to abdominal
fat) could affect BP levels through adipocyte-released hor-
mones, cytokines and other factors produced and/or modu-
lated by abdominal/visceral fat.

To the best of our knowledge, this study is the first to
directly investigate the relationship between BMI and BP
over time in the same population. However, there is other,
indirect evidence for a weakening of the association be-
tween BMI and BP. For example, an 18% decrease in the
prevalence of high BP was reported in the United States
among obese persons between 1960 –1962 and 1999 –
2000.38 In the MONICA populations, a decline in BP was
observed despite an increase in BMI.16,39 From a broader
perspective, the relative risk of mortality associated with
obesity was lower in American health surveys in the 2000s
than in the 1970s and the authors suggested that the reduced
impact of obesity on mortality could relate to improvements
in public health and medical care over time.40

Our study suggests that there is a factor (or a set of
factors), distinct from treatment of high BP, that attenuated
the effect of overweight on high BP over time and, per-
haps, on the incidence of cardiovascular events. These
findings should be replicated in other populations and in
longitudinal studies. If confirmed, a decreasing association
between BMI and BP over time could imply that the
impact of the overweight epidemic on cardiovascular dis-
ease might be less important than predicted. This de-
creased relationship could also help to explain the current
favorable trends in cardiovascular disease (declining inci-
dence) observed in many countries despite the increasing
prevalence of obesity.
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BRIEF REPORT

Carbonated Beverages and Chronic Kidney Disease
Tina M. Saldana,* Olga Basso,* Rebecca Darden,† and Dale P. Sandler*

Background: Carbonated beverage consumption has been linked
with diabetes, hypertension, and kidney stones, all risk factors for
chronic kidney disease. Cola beverages, in particular, contain phos-
phoric acid and have been associated with urinary changes that
promote kidney stones.
Methods: We examined the relationship between carbonated bev-
erages (including cola) and chronic kidney disease, using data from
465 patients with newly diagnosed chronic kidney disease and 467
community controls recruited in North Carolina between 1980 and
1982.
Results: Drinking 2 or more colas per day was associated with
increased risk of chronic kidney disease (adjusted odds ratio � 2.3;
95% confidence interval � 1.4–3.7). Results were the same for
regular colas (2.1; 1.3–3.4) and artificially sweetened colas (2.1;
0.7–2.5). Noncola carbonated beverages were not associated with
chronic kidney disease (0.94; 0.4–2.2).
Conclusions: These preliminary results suggest that cola consump-
tion may increase the risk of chronic kidney disease.

(Epidemiology 2007;18: 501–506)

The prevalence of chronic kidney disease more than doubled
from 1988 to 2001, affecting more than 20 million adults in

the United States.1,2 Since the incidence of kidney disease and
associated health care costs are expected to continue to rise,3,4

identifying modifiable risk factors is a public health priority.5,6

Well-documented risk factors for kidney disease in-
clude diabetes, hypertension, and family history.7,8 Kidney
stones may also increase risk,9 and soft-drink consumption
has been associated with diabetes,10 hypertension,11 and kid-
ney stones.12–14 Cola beverages, which are acidified with
phosphoric acid, have been associated with urinary changes
known to promote kidney stones.13,15,16 Current recommen-
dations for patients with kidney disease or kidney stones
include avoiding cola beverages,17,18 but there is limited
evidence to support this recommendation.

In this paper, we examine the association between
carbonated beverage intake and chronic kidney disease.

METHODS
We used data from a case-control study of North

Carolina patients with chronic kidney disease and community
controls.19 Trained personnel identified potential cases by
reviewing medical charts from 4 North Carolina hospitals.
Cases were included if they were newly diagnosed with
kidney disease between September 1980 and August 1982
and had a sustained elevation in serum creatinine (2 or
more measurements �130 �mol/L). Patients younger than
30 years or who resided outside of North Carolina were
excluded. Patients with preexisting kidney disease, poly-
cystic kidney disease, systemic lupus erythematosus, mul-
tiple myeloma, amyloidosis, or hereditary nephritis were
also excluded.

Of 709 patients found eligible, 607 (86%) could be
contacted and 554 (78%) agreed to participate. We ex-
cluded individuals who were missing data for carbonated
beverages (n � 25) or potential confounders (n � 64),
leaving 465 cases for analysis. Patients were classified into
kidney disease subtypes using available clinical and labo-
ratory information.

Community controls were selected using random digit
dialing for those younger than 65 years of age, and Medicare
recipient listing for those 65 years of age or older. Controls
were frequency-matched to cases by age (within 5 years), sex,
race, and proximity to a study hospital. Of 717 potential
controls, 608 (85%) could be contacted and 520 (73%) agreed
to participate. We excluded individuals with history of kidney
disease (n � 4), and those with missing data on beverage
consumption (n � 18) or on potential confounders (n � 31),
leaving 467 for analysis.

Information was collected through telephone inter-
views. Subjects or proxy respondents were asked about bev-
erage consumption over their adult life. The question was
“Please tell me about your drinking habits before 1980. Since
you were 18-years-old did you ever drink (list of individual
beverages) and, if so, how many times per day, week, month,
or year did you usually drink the beverage?” Questions were
asked separately about regular cola, artificially sweetened
cola, noncola caffeinated beverages, and noncola artifi-
cially sweetened beverages. Average intake of water, cof-
fee, and tea was also recorded. At the time of the inter-
views (1982–1983) noncaffeinated teas and colas were
uncommon, and thus tea and cola were assumed to contain
caffeine. Total caffeine from noncola sources was calculated by
assigning an average caffeine content of 80 mg per cup of
coffee, 40 mg per cup of tea, and 40 mg per glass of other
caffeinated beverages.

We used unconditional logistic regression to estimate
the association between carbonated beverages and chronic
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kidney disease. We identified potential confounders based on
their known association with beverage consumption and kid-
ney disease. We retained in the final model covariates that
resulted in at least a 10% change in the coefficient. We
examined the following variables as potential confounders:
body mass index (BMI), education, income, smoking, anal-
gesic use, alcohol use, caffeine from noncola sources, fluid
intake from noncola sources, history of diabetes, hyperten-
sion, kidney stones, and proxy respondent status. We also
explored effect modification by history of diabetes, hyperten-
sion, or kidney stones through stratified models and by

modeling interaction terms. Additionally, we performed sep-
arate analyses for specific diagnostic subgroups.

RESULTS
Compared with controls, cases more frequently re-

ported a lower income and educational level, had a higher
mean BMI, and reported more frequent use of analgesic
medications, as well as a history of diabetes, hypertension,
and kidney stones (Table 1). Proxy respondents were more
frequent for cases than controls (54% vs. 10%). Consumption

TABLE 1. Selected Characteristics of Patients With Chronic Kidney Disease and Community
Controls in the North Carolina Health Study, 1980–1982 (n � 932)

Characteristic

Cases
(n � 465)

Controls
(n � 467)

No. Distribution* No. Distribution*

Age (yrs)† 465 63 � 12.2 467 61 � 12.2

White race 260 56 255 55

Male sex 260 56 262 56

Annual income

�$10,000 266 57 194 42

�$10,000 199 43 273 58

Education (yrs)

�8 174 38 115 24

8–11 136 29 129 28

12� 155 33 223 48

Smoking status‡

Nonsmoker 213 46 185 40

Ex-smoker 101 22 116 25

Current smoker 145 32 160 35

BMI (kg/m2)† 465 27.1 � 6.4 467 25.3 � 4.3

�18.5 10 2 10 2

18.5–24.9 180 39 233 50

25–29.9 169 36 160 34

30� 106 23 64 14

History of diabetes 136 29 28 6

History of hypertension 282 61 143 31

History of kidney stones 78 17 28 6

Proxy respondents 251 54 45 10

Proximity to study hospital

Near 244 52 244 52

Far 221 48 223 48

Analgesic use

Never 249 54 327 70

Weekly 135 29 113 24

Daily 81 17 27 6

Daily cola consumption (glasses/d)§ 465 1.0 (0.2–2.0) 467 0.4 (0.1–1.0)

Caffeine from noncola sources (mg/d)§ 465 120 (52–201) 467 120 (74–200)

Fluid intake from other sources (glasses/d)§ 438 5.0 (3.3–7.1) 441 4.6 (3.1–6.1)

*Percent, unless otherwise indicated.
†Mean � SD.
‡Total number varies due to missing values (n � 920).
§Median (interquartile range).
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of cola was higher among cases, as was fluid intake from
noncola sources. Caffeine intake from noncola sources was
similar between cases and controls.

Consumption of 2 or more glasses of cola per day was
associated with a 2-fold risk of kidney disease compared with
the reference category, after adjusting for age, race, sex,
proximity to study hospital, BMI, income, proxy respondent
status, education, analgesic use, and diabetes (Table 2).
Estimates for regular colas or artificially sweetened colas
were similar. Increasing quantities of noncola carbonated
beverages, caffeine from noncola sources, and intake of

fluids from sources other than cola were not associated
with kidney disease risk. Results were similar after exclud-
ing proxy respondents (Table 2) and for those without
diabetes, hypertension, or history of kidney stones (Table
3). We assessed robustness of the finding by assigning high
cola consumption to controls with missing data and then by
assigning no cola consumption to cases with missing data.
Neither assumption materially changed the results (data not
shown). Table 4 presents the adjusted odds ratios for specific
diagnostic subgroups of chronic kidney disease in relation to all
colas combined.

TABLE 2. Risk of Chronic Kidney Disease Associated With Carbonated Beverage Consumption, Caffeine
Intake, and Noncola Fluid Intake Among all Subjects and Among Self-Respondents

All Subjects Self-Respondents Only

No.
Cases/Controls AOR* (95% CI)

No.
Cases/Controls AOR* (95% CI)

All colas combined 465/467 214/422

Never or �1 per wk† 81/128 1.0 33/118 1.0

�1 per wk to �1 per day 146/158 1.50 (0.97–2.33) 64/144 1.62 (0.96–2.72)

1 to �2 per day 108/98 1.67 (1.03–2.67) 51/85 2.13 (1.23–3.70)

�2 per day 130/83 2.27 (1.40–3.68) 66/75 2.82 (1.62–5.00)

Regular colas‡ 465/467 214/422

Never or �1 per wk† 107/141 1.0 41/130 1.0

�1 per wk to �1 per day 141/156 1.43 (0.94–2.19) 63/142 1.62 (0.98–2.67)

1 to �2 per day 106/97 1.69 (1.07–2.67) 56/84 2.16 (1.27–3.66)

�2 per day 111/73 2.12 (1.30–3.43) 54/66 2.51 (1.44–4.38)

Artificially sweetened colas§ 465/467 214/422

Never or �1 per wk† 376/416 1.0 176/378 1.0

�1 per wk to �1per day 40/29 1.30 (0.69–2.46) 16/27 1.37 (0.67–2.79)

1 to �2 per day 26/16 0.89 (0.38–2.06) 11/13 1.28 (0.51–3.21)

�2 per day 23/6 2.07 (0.68–6.31) 11/4 4.21 (1.21–14.61)

Noncola carbonated beverages¶� 449/458 206/413

Never or �1 per wk† 346/339 1.0 147/299 1.0

�1 per wk to �1 per day 56/71 0.80 (0.50–1.27) 31/68 0.73 (0.44–1.22)

1 to �2 per day 29/32 0.96 (0.50–1.84) 16/31 0.89 (0.44–1.78)

�2 per day 18/16 0.94 (0.41–2.18) 12/15 0.96 (0.40–2.30)

Caffeine from noncola beverages (mg/d)§ 465/467 214/422

�100† 214/220 1.0 110/199 1.0

100 � 200 125/121 1.07 (0.72–1.58) 59/116 0.85 (0.55–1.32)

200 � 300 71/68 0.70 (0.43–1.15) 23/57 0.68 (0.38–1.22)

�300 55/58 0.68 (0.40–1.14) 22/50 0.61 (0.33–1.14)

Noncola fluid intake§� 438/441 201/402

Never or �3 per day† 72/76 1.0 33/68 1.0

3 to �5 per day 114/151 0.79 (0.48–1.30) 48/141 0.67 (0.38–1.18)

5 to �7 per day 120/114 1.09 (0.65–1.81) 57/101 1.08 (0.61–1.93)

�7 per day 132/100 1.26 (0.75–2.11) 63/92 1.20 (0.68–2.13)

*All models adjusted for matching factors and confounders: BMI, income, proxy respondent, education, analgesic use and diabetes; BMI and age were
modeled as continuous variables, all others as categorized in Table 1. Each beverage type was modeled separately. Results are adjusted for other beverages
only as indicated.

†Reference category.
‡Models also adjusted for artificially sweetened colas.
§Models also adjusted for regular colas.
¶Models adjusted for any cola.
�Number of participants reduced due to missing values for specified beverage.
AOR indicates adjusted odds ratios; CI, confidence interval.
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DISCUSSION
Our analysis suggests that consumption of 2 or more

cola beverages per day was associated with an increased risk
of chronic kidney disease. We saw no increase in risk asso-
ciated with consumption of noncola carbonated beverages, or
with noncola caffeinated beverages.

Although we know of no previous study that assesses a
link between cola beverages and kidney disease, there is
evidence supporting the plausibility of our findings. One
difference between cola and noncola carbonated beverages is
that, while noncola beverages have been predominantly acid-
ified using citric acid, cola beverages are generally acidified
using phosphoric acid. Phosphorus may have an effect on the
risk of kidney disease. Case reports have linked sodium
phosphate bowel cleansing preparations to acute and some-
times irreversible renal failure,20,21 characterized by calcium

phosphate deposits in the distal tubules and collection ducts
or nephrocalcinosis.22–24 Although the level of phosphorus
from colas is far lower than that from bowel preparations,
long-term cola intake may lead to kidney damage, especially
in the presence of underlying renal dysfunction.

Laboratory studies have shown that high phosphorus
diets can cause nephrocalcinosis in rats.25,26 Diets high in
phosphate may increase plasma phosphorus levels, with
phosphate in colas perhaps being more bioavailable.27,28

In a randomized trial among men with kidney stones,
recurrence of kidney stones was higher among those who
continued to drink soft drinks containing phosphoric acid,
compared with those who drank beverages acidified by citric
acid.13 Cola consumption can result in physiologic changes in
urine composition that are conducive to oxalate kidney stone
formation.15,16,29,30 We saw no association with cola among

TABLE 3. Risk of Chronic Kidney Disease Associated With Increasing Levels of Carbonated Cola Consumption, Stratified by
Self-reported Diabetes, Hypertension, and Kidney Stones

Cases
No. (%)

Controls
No. (%) AOR* (95% CI)

Cases
No. (%)

Controls
No. (%) AOR* (95% CI)

History of Diabetes
Yes (n � 164) No (n � 768)

(n � 136) (n � 28) (n � 329) (n � 439)

All colas combined

Never or �1/wk† 21 (15) 13 (46) 1.0 60 (18) 115 (26) 1.0

�1/wk to �1/d 42 (31) 5 (18) 5.7 (1.2–27.0) 104 (32) 153 (35) 1.2 (0.8–1.9)

1 to �2/d 32 (24) 5 (18) 6.4 (1.4–28.7) 76 (23) 93 (21) 1.4 (0.8–2.2)

�2/d 41 (30) 5 (18) 4.1 (0.9–18.3) 89 (27) 78 (18) 2.0 (1.2–3.3)

History of Hypertension‡

Yes (n � 425) No (n � 504)

(n � 292) (n � 143) (n � 180) (n � 324)

All colas combined

Never or �1/wk† 52 (18) 34 (24) 1.0 29 (16) 94 (29) 1.0

�1/wk to �1/d 90 (32) 49 (34) 1.2 (0.6–2.4) 55 (31) 109 (34) 1.6 (0.9–3.1)

1 to �2/d 65 (23) 32 (22) 1.4 (0.7–2.8) 42 (23) 66 (20) 1.9 (0.9–3.7)

�2/d 75 (27) 28 (20) 1.7 (0.8–3.5) 54 (30) 55 (17) 2.7 (1.3–5.3)

History of Kidney Stones‡

Yes (n � 106) No (n � 822)

(n � 78) (n � 28) (n � 384) (n � 438)

All colas combined

Never or �1/wk† 15 (19) 3 (11) 1.0 65 (17) 125 (29) 1.0

�1/wk to �1/d 26 (33) 9 (32) 0.8 (0.1–4.5) 120 (31) 149 (34) 1.6 (1.0–2.7)

1 to �2/d 23 (30) 9 (32) 0.7 (0.1–4.3) 85 (22) 89 (20) 1.8 (1.1–3.0)

�2/d 14 (18) 7 (25) 0.6 (0.1–4.2) 114 (30) 75 (17) 2.7 (1.6–4.5)

*All models adjusted for matching factors and the confounders BMI, income, proxy respondent, education, analgesic use, and diabetes (except diabetic models are not adjusted
for diabetes).

†Reference category.
‡Number of participants reduced due to missing values.
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individuals with history of kidney stones, although the sam-
ple size for this subanalysis was small.

The odds ratios for a cola association were higher
among those with a history of diabetes, although the test for
interaction was not statistically significant. A recent study has
shown a positive association between cola beverages and
incidence of hypertension.11 In our analysis we saw no
evidence of effect modification by hypertension, nor did
hypertension confound our results.

We cannot rule out the possibility that the observed
effect may have been due to caffeine, but we did not see an
increasing risk with increasing consumption of caffeine from
noncola sources.

This study had several limitations. We were not able to
examine dietary differences between cases and controls or
between cola and noncola drinkers. Cola drinkers may also
differ from noncola drinkers in other ways that could lead to
residual confounding. Among controls, cola drinkers were
younger, less likely to have a history of diabetes, and more
likely to have a history of kidney stones compared with
noncola drinkers. We controlled for age and diabetes, and
history of kidney stones was not a confounder.

The high proportion of proxy respondents among cases
is a further limitation. However, the estimated effect of cola
was stronger after excluding proxy respondents, suggesting
that their inclusion attenuated the estimated risk.

Beverage consumption was self-reported and thus sub-
ject to potential bias. However, since a link between carbon-
ated beverage intake and risk of kidney disease was unknown
at the time of the study, it is unlikely that cases would have
differentially reported their beverage consumption. In this
analysis, only colas were consistently associated with chronic
kidney disease, which makes reporting bias an unlikely ex-
planation for our findings.

Participants reported average beverage intake over their
adult life. While these reports may reflect more recent con-
sumption, there is no reason to believe that those who

currently drank colas had not done so in the past. Colas have
been available since the late 1800s and were first popularized
in the southern United States.

Cola consumption is common and chronic kidney dis-
ease is a substantial public health burden. Our preliminary
result of an association between cola consumption and risk of
chronic kidney disease deserves to be explored in more
detailed studies.
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HISTORY

Abe and Yak
The Interactions of Abraham M. Lilienfeld and Jacob Yerushalmy in

the Development of Modern Epidemiology (1945–1973)

David Eugene Lilienfeld

Abstract: This paper explores the relationship between 2 persons
much involved in the development of modern epidemiology, Jacob
Yerushalmy and Abraham M. Lilienfeld. The formation of that
relationship is described and the resulting influences by each indi-
vidual on the other’s professional work are discussed. Interactions
between these 2 men contributed to several areas of epidemiologic
development, including the effects of misclassification on observa-
tional study data, elements of epidemiologic causal inference, pop-
ulation-based linked databases, and the adaptation of statistical
techniques by the epidemiology community. The impact of their
association and its implications for modern epidemiologists are
considered.

(Epidemiology 2007;18: 507–514)

In 1945, Jacob Yerushalmy was a statistician in the United
States Public Health Service Tuberculosis Control Bureau.

In that year he introduced his brother-in-law, Abraham Lil-
ienfeld, to his colleague, Morton Levin, then at the New York
State Department of Health. During the ensuing conversation,
Levin suggested the brother-in-law join the New York De-
partment of Health for a career in public health. After joining
the Department, Lilienfeld began a series of collaborations
with Yerushalmy (or Yak, from his Hebrew name Yaakov)
that would define various aspects of modern epidemiology,
including many of the research and teaching foci in the
departments Lilienfeld and Yerushalmy subsequently directed
(Lilienfeld at the University of Buffalo and Johns Hopkins
University, and Yerushalmy the University of California, Berke-
ley). This paper examines the association of these 2 public health
professionals, my father and uncle.

Yak
Jacob Yerushalmy (Fig. 1) was born in Ottoman-con-

trolled Ekron, near Jerusalem, in 1904, the youngest of 8
children.1 His father, William Zev Yerushalmy, owned a

pharmacy in Jerusalem. When Yak completed gymnasium
(high school) in 1924, he went abroad to university; no
universities existed in British Mandate Palestine. He started
in New York City, though the specific university is not known.
In 1925, he moved to Baltimore to undertake a doctorate in
mathematics at Johns Hopkins, completing his work under
Oscar Zariski, himself a recent addition to the Hopkins
faculty. Yerushalmy’s thesis topic, Construction of Pencils of
Equianharmonic Cubic, reflected his interest in topology and
algebraic geometry; he successfully defended in 1930.2

Just as Yerushalmy received his doctorate, the United
States entered the Great Depression. Teaching positions were
difficult to find. Yerushalmy made do as a National Research
Fellow in mathematics at the University of Illinois for the
1930–1931 academic year, and continued as a fellow at
Princeton University the following year. Not much is known
about this period in Yerushalmy’s career, save the absence of
skill in poker.3

In 1932, desperate for work, Yerushalmy taught math-
ematics at Johns Hopkins for a year as an Instructor. One of
his students was the son of Lowell Reed, Jr., Chair of the
university’s biostatistics department. Using this entry to the
elder Reed, Yerushalmy complained bitterly of the lack of
work available for a Hopkins-trained mathematician. He
indicated his willingness to beg, cup in hand, at the center of
downtown Baltimore with a sign, “Johns Hopkins Ph.D. in
mathematics.” Horrified, Reed directed Yerushalmy to con-
tact the biostatistics department administrator regarding a
position as an Assistant Professor. Thus Yerushalmy turned
his attention to biostatistics.

Yerushalmy remained at Johns Hopkins until 1935,
though there is little evidence of career advancement. At
Johns Hopkins, Yerushalmy befriended another member of
the biostatistics faculty, Carroll E. Palmer, trained in demog-
raphy. For a period of almost 2 decades (beginning in the
early 1940s), Yerushalmy would work with Palmer (see
below). Also of significance, in 1933 Yerushalmy met and, 1
year later eloped with, Eva Zemil, the eldest daughter of a
Baltimore businessman. In 1935, with his career stuck, Yerush-
almy accepted a position as a biostatistician for the Department
of Health in Albany, New York.

His billet allowed Yerushalmy to gain confidence in his
biostatistical skills. It also placed him in contact with Dr.
Morton L. Levin, the Assistant Director for Cancer Con-
trol. The 2 developed a fast friendship, both professional
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and personal, that would last for almost 4 decades. Yerush-
almy kindled in Levin an interest in biostatistics, and
encouraged cancer epidemiology studies sponsored by
Levin throughout the late 1940s and 1950s. (These studies
included the first case– control study on cigarette smoking
and lung cancer conducted in the United States).4 In turn,
Levin showed Yerushalmy the need for biostatistical input
into epidemiologic investigations of chronic diseases, such
as cancer.

In 1938, another opportunity beckoned to Yerushalmy
at the National Institutes of Health (NIH). There, Yerushalmy
came to know Harold Dorn, a young demographer leading the
First National Cancer Survey. During the 3 years prior to the
attack on Pearl Harbor, Dorn began developing ideas for
studies following up on survey findings, discussing them with
his colleagues. Through such discussions with Dorn, Yerush-
almy raised the issue of diagnostic certainty. He reasoned that
one often does not truly know if a malignancy was present
until it has been shown by biopsy. As a biostatistician,
Yerushalmy considered the distribution of biopsy interpreta-
tions, along with the possibility of errors.

It was as the NIH that Yerushalmy also began his
lifelong interest in child development. He was tasked to inves-
tigate childhood mortality. Considering the still-incomplete na-
ture of the national vital statistics system, such an assignment
must not have been a desirable one for most ambitious biostat-
isticians.5 Yerushalmy persevered, and his reports showed an
irreverent and thoughtful investigator.6,7

Three years as a statistician at the NIH working with
child development data opened another opportunity for
Yerushalmy. When Palmer left Johns Hopkins to run the field
studies section of the United States Department of Labor
Children’s Bureau, Yerushalmy left the NIH to work for him,
becoming Palmer’s Director of the Division of Statistical
Research. It was during his tenure at the Department of Labor
that Yerushalmy’s interest in child development blossomed.
This interest would guide his future research, and it would

ultimately lead to the formation of the Kaiser-Permanente
database in northern California for the conduct of epidemio-
logic studies (see below). However, the entry of the United
States into World War II changed many of the federal
government’s funding priorities; child development research
was not among them, but tuberculosis research was. In
early 1943, Yerushalmy’s boss moved from the Children’s
Bureau to the United States Public Health Service Tuber-
culosis Control Bureau; Yerushalmy followed.

From 1943 until his departure 4 years later to establish
a biostatistics department at the University of California,
Berkeley School of Public Health, Yerushalmy would serve
as the chief statistician at the Tuberculosis Control Bureau. In
1945, Time magazine referred to him as the “Public Health
Service’s top statistician.”8 At the Bureau, Yerushalmy opened
2 areas of research, one (the reproducibility of clinical findings)
with which he would be identified for the remainder of his
career, and the other (criteria for causal inference in epidemiol-
ogy) which became the core of the coming debate on cigarette
smoking and lung cancer He would also develop a marked
skepticism regarding the quality of data used in any epidemio-
logic query.

In 1943, conventional medical thought held that a
physician could diagnose pulmonary tuberculosis on the basis
of a chest X-ray. As a nonphysician and earning considerably
less than a physician, Yerushalmy was contemptuous of
physicians and their techniques. On joining the Tuberculosis
Control Bureau, Yerushalmy was immediately skeptical
when told of physicians’ ability to diagnose tuberculosis by
X-ray. Based on his NIH experience, Yerushalmy knew there
had to be some misdiagnoses. Working with Palmer, Yerush-
almy undertook a series of pioneering studies into the con-
sistency of reading chest X-rays. His findings, published in
1947, indicated that physicians were not only unable to agree
on a diagnosis among themselves, but that a given physician
would change the reading of the same X-ray when seeing it a
second or third time.9 In doing so, Yerushalmy developed the
concepts of sensitivity and specificity. The findings chal-
lenged the medical community, which held the physician’s
diagnosis as beyond reproach. These findings also had pro-
found implications in the coming development of the ran-
domized clinical trial, indicating the need for centralized
laboratories and double-blinded allocation of treatment.

Yerushalmy also began a series of discussions with
Palmer on causal inference in epidemiology. The discussions
did not develop out of the Bureau’s research program, per se,
but from Yerushalmy’s previous work on childhood mortal-
ity. They began with a consideration of what evidence is
necessary to make a causal inference. These discussions
continued for another decade and a half, and began the
development of modern approaches to discerning causality.

In 1947, the Tuberculosis Control Bureau learned of the
British randomized trial of streptomycin for treating tubercu-
losis, directed by the statistician Bradford Hill. Palmer dis-
patched Yerushalmy to England to learn about the trial.
Yerushalmy’s trip consisted of visits with Hill, the study
coordinating center staff, and selected clinical centers. On his
return, during a Sunday visit by both Morton Levin and Abe

FIGURE 1. Jacob Yerushalmy (“Yak”) in his office. Undated.
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Lilienfeld, Yerushalmy described Hill as a competent statis-
tician whose data analyses would be solid, but he noted the
lack of concern regarding the quality of the data. His
conclusion: “I wouldn’t believe anything Hill publishes
about those data.”

Shortly after his return from England, Yerushalmy was
approached about an opportunity in California: the University
of California at Berkeley was opening a school of public
health and needed someone to organize the biostatistics
department. In 1948, Yerushalmy took on the assignment.10

Abe
Abraham “Abe” Lilienfeld (Fig. 2) was born in New

York City on November 13, 1920. His father, Joe, came from
a well-to-do family in Galicia (western Ukraine). Joe had
trained as a rabbi. As his wife refused to cover her hair
(expected of all married Jewish women), Joe could not find a
pulpit. The family migrated to the United States in 1914 to
escape the draft. They expected victory by the Central Pow-
ers, and accordingly maintained their wealth in German
marks. At the conflict’s conclusion, the family was destitute.
Until 1930, Abe, his parents, and his older brother Sam lived
on the Lower East Side of Manhattan in New York City, as
Joe eked out a living as a bookbinder.

With the Great Depression, employment opportunities
for bookbinders disappeared. By then, Sam had entered
medical school in England (quotas against Jewish students
precluded attending a United States school). Lilienfeld’s
mother took matters in hand and purchased a run-down
chocolate store with a soda fountain. Within a year, the
family had made the shop profitable, sold it and purchased
another run-down chocolate shop. In another year, that shop
was rejuvenated and sold. This pattern continued until Abe
entered medical school in 1941, except for a brief interruption
in 1932.

In 1932, the Lilienfelds migrated to Palestine in re-
sponse to the World Zionist Organization’s call for the Fifth

Aliyah for Jews to return to the Holy Land. However, under
British control, much of the Palestinian economy was closed
to Jewish involvement. Joe struggled to support his family.
After Sam graduated from medical school, he returned to the
United States, followed shortly by his family’s return to New
York City. On their arrival in 1933, Sam informed them of his
marriage to a member of a prominent Baltimore family; Sam
subsequently established his practice in Baltimore.

For the next 4 years, Abe attended Erasmus High
School. He maintained excellent grades in science and math-
ematics, but found an interest in history. In the evenings, he
studied with his father—usually the Talmud, as well as
modern philosophers. The Talmudic discussions refined Abe’s
thinking, forcing him to identify the key variables defining a
situation. In 1938, with high school graduation looming, the
Lilienfelds discussed the issue of Abe’s college education. Abe
wanted to study business administration at City College. Given
the family’s chocolate store business, he thought it a useful field.
His parents, however, focused on medicine. With developments
in Nazi Germany in mind, they reasoned medical skills were
portable; a business was not. Accordingly, Abe applied to 2
colleges: City College and Johns Hopkins. Admitted to both, he
packed at the end of the summer of 1938 and moved in with his
brother Sam to attend Johns Hopkins.

College opened new vistas to Abe. He took courses in
Middle Eastern studies given by Foxwell Albright (doyen of
the field), as well as French and German. He enrolled in the
premedical curriculum, and he found a particular interest in
biophysics. In a bid to minimize the financial drain on his
family, he increased his course load and graduated in 3 years.
He applied to the Johns Hopkins School of Medicine and was
told during the interview that, while he was otherwise qual-
ified, he would be rejected because he was Jewish.

In the fall of 1941, Abe enrolled at the Albany Medical
College. He experienced a difficult first semester; his father
passed away during that term. In the middle of the semester,
Lilienfeld was ready to quit school and return to New York
City to help support his mother. At the train station, his
roommate persuaded him to at least finish the semester. He
did so, and then transferred to the University of Maryland
medical school in Baltimore.

After the attack on Pearl Harbor, all United States
medical schools were nationalized, all medical students in-
ducted into the military, and classes held year-round. During
this time, Lilienfeld was introduced to Lorraine, the youngest
daughter of Baltimore businessman Max Zemil. During the
next 2 years, as Abe progressed through medical school, he
developed a strong relationship with Max; in 1943, having
received the approval of Lilienfeld’s armed forces com-
mander, Abe and Lorraine married. In marrying Lorraine,
Lilienfeld came into contact with Lorraine’s brother-in-
law, Yak.

Abe graduated from medical school in 1944. For the
next year, he persevered through a traditional rotating intern-
ship at a Baltimore community hospital. He disliked clinical
medicine, particularly the emphasis on performing proce-
dures for income. Having completed his internship, Lilienfeld
was assigned by the military to Walter Reed Hospital, thenFIGURE 2. Abraham M. Lilienfeld (“Abe”) at home. Undated.
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one of the crown jewels in American medicine. He re-
quested assignment in internal medicine, but the only slot
open was in otolaryngology; for 6 months, he worked as an
otolaryngology resident. Bored and unhappy, Lilienfeld
sought transfer to anything other than otolaryngology.
When a position opened in the obstetrics-gynecology res-
idency program, he transferred.

While based at Walter Reed, Lilienfeld and his wife
lived with the Yerushalmys in Bethesda, Maryland. Lilien-
feld’s previous experience in British Mandate Palestine pre-
pared him well for this experience; not only conversational in
Hebrew, he also knew many of the “local” idioms familiar to
Yerushalmy. The 2 conversed on a wide range of topics, not
only medicine or family. For example, during one hot
evening during the summer of 1945, Lilienfeld realized his
neck was particularly hot. In the resulting discussion, he and
Yerushalmy considered how many layers of fabric were in a
shirt collar worn with a necktie. Their conclusion: more than
20. Accordingly, Lilienfeld resolved that upon discharge from
the military service, he would wear clip-on ties; at the time, only
bowties were available as clip-ons, and he wore them for the rest
of his life.

It was in Washington DC that Yerushalmy introduced
Lilienfeld to Morton Levin, who was there for business.
Lilienfeld indicated his displeasure with clinical practice and
the fee-for-service health care system then dominant in the
United States. Levin responded with a description of a career
in public health, and he told Lilienfeld that, should Abe
decide to leave clinical practice, Levin would be happy to
find him a preventive medicine training position at the New
York Department of Health.

In 1946, Lilienfeld’s residency program assigned him
to gynecology at a local community hospital. Soon thereafter,
Lilienfeld had lost all interest in clinical practice, the final
straw coming during a hysterectomy when the surgeon com-
mented upon delivering the uterus and tossing it into a
specimen bucket, “That’s my wife’s new mink coat.” Lilien-
feld remembered seeing an advertisement on the medical staff
bulletin board at Walter Reed recruiting physicians for the
Public Health Service (PHS). Since few physicians were
willing to part with the rewards promised by private practice,
the PHS had difficulty recruiting physicians. Lilienfeld im-
mediately contacted the recruitment officer. Within weeks,
Lilienfeld was transferred to the PHS. Yerushalmy requested
Lilienfeld be assigned to the Tuberculosis Control Bureau,
and Lilienfeld found himself reporting to his brother-in-law.

Yerushalmy immediately dispatched Lilienfeld to the
field office in Philadelphia. For the remainder of his military
service, Lilienfeld worked on tuberculosis control. At the
conclusion of his military service, Lilienfeld contacted Levin
and asked if Levin had any positions open in his training
program. Levin did, and Lilienfeld joined the preventive
medicine training program. For 3 months, Lilienfeld was
posted to Lake Placid to provide basic public health services.
In late summer 1948, Levin directed Lilienfeld to enter the
MPH program at the Johns Hopkins School of Hygiene and
Public Health.

The 1948–1949 academic year at Johns Hopkins opened
new vistas for Lilienfeld, not only the course material but also
the faculty. He was taught by Alex Langmuir, William Cochran,
Ernest Stebbins, and Phil Sartwell, all of whom had major
impact on his career development. He also met a young biosta-
tistician who would become important in his later career—Irwin
Bross, a postdoctoral fellow in biostatistics. At the conclusion of
the 1-year curriculum, Lilienfeld graduated with his MPH de-
gree and moved his family to Albany, New York for the training
program’s second year.

The year spent in Albany was a significant one for
Lilienfeld. During 1949–1950, he displayed a vision of pub-
lic health as all-encompassing. Early in the year, on behalf of
a legislator interested in cerebral palsy, the New York State
Legislature passed a bill directing the state health department
to spend 1 million dollars for this disease. The Commissioner
directed Levin to oversee the spending. Levin directed Lil-
ienfeld to spend the million dollars, expecting the money to
be quickly spent on block grants to construct buildings for
cerebral palsy clinics. Instead, Lilienfeld proceeded to de-
velop a program for cerebral palsy in New York State. He
included a research component (producing seminal epidemi-
ologic findings), training for physicians and nurses, and the
creation of a network of clinics (signing long-term leases to
maximize the number of clinics established throughout the
state and sponsoring quarterly meetings of the clinic direc-
tors) to treat cerebral palsy patients.11–13 The program estab-
lished New York State as a center for research and treatment
of cerebral palsy for at least the next 2 decades. Lilienfeld’s
view of public health and epidemiology, with its ultimate
focus on the reduction of disease incidence, required a cath-
olic effort, one ably financed with the bounty provided by the
legislature.

One component of Lilienfeld’s program concerned the
epidemiology of cerebral palsy. He discussed possible re-
search designs with Yerushalmy through the mail and at the
1949 Annual Meeting of the American Public Health Asso-
ciation. During World War II, Yerushalmy had spoken with
Joseph Berkson, the biostatistician-physician at the Mayo
Clinic, about the challenges of using vital statistics data to
account for neonatal deaths. Berkson noted the linkage al-
ready in use within the Mayo Clinic records.14 Yerushalmy
subsequently began to link birth and death records, but he
didn’t complete the effort before changing jobs. After the
war, Dunn published the concept of record linkage,15 pre-
sumably following one or more discussions with Yerush-
almy, although there are no records to document such dis-
cussion. Having heard Yerushalmy’s thoughts, Lilienfeld linked
the cases of cerebral palsy with their birth records.11,13 Lilienfeld
later told Yerushalmy of his success—a key piece of information
for Yerushalmy when the latter was asked to consult on a
Hawaiian database study in 1954 during a sabbatical in Hono-
lulu. Yerushalmy recognized the advantage that all healthcare on
the islands was provided in only a few places, making it possible
to link various childhood health and vital records for persons
living in the territory. One could then examine a variety of
questions dealing with child development.
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During the mid 1950s, Lilienfeld continued to publish
papers on cerebral palsy and other neurologic conditions, and
he suggested that peripartum events were associated with the
occurrence of these conditions.16,17 Officials at the National
Institutes of Neurological Diseases and Blindness thought the
time appropriate to validate the findings and discussed the
idea with Lilienfeld. He suggested a study using record
linkage between birth records and medical records. He noted
to Yerushalmy the subsequent development of the National
Collaborative Perinatal Project. Concurrently, Yerushalmy
initiated his own record linkage project, the Child Health and
Development Studies, in which vital records were linked with
medical records at Kaiser Permanente, a San Francisco-based
health maintenance organization. This effort pioneered what
subsequently became the Kaiser Permanente linked database,
which has supported many epidemiologic studies since its
development in the late 1950s.18,19

At the end of his training program in 1950, Lilienfeld
searched for a job. His responsibilities now included 2 chil-
dren. Although Levin hoped to keep him in Albany, there
were no open positions available. Ernest Stebbins, Dean at
the Johns Hopkins School of Hygiene and Public Health,
intervened, arranging for Lilienfeld to serve as a regional
health officer in the Baltimore City Health Department. The
epidemiology department at Johns Hopkins had sustained the
loss of Alexander Langmuir in 1949 to direct the Epidemic
Intelligence Service at the Centers for Disease Control
(CDC). The School needed teaching assistants to cover for
Langmuir’s absence, and Stebbins thought Lilienfeld could
function as such until Professor Kenneth Maxcy, the depart-
ment chair, retired. Lilienfeld would then join the department
as a full-time junior faculty member. Accordingly, Lilienfeld
joined the Baltimore City Health Department.

Interactions
During their careers, Lilienfeld and Yerushalmy dis-

cussed topics ranging from analytical methods to causal
inference, including data quality, statistical methods and
discerning biologic inferences from epidemiologic data.

Data Quality
Data quality became a lifelong interest of Lilienfeld’s;

it was a guaranteed topic for questions by any thesis com-
mittee that included Lilienfeld. That interest first manifested
after Yerushalmy’s studies into the accuracy of physician
radiograph interpretation, and it solidified after Yak’s return
from his 1947 trip to England. By the time Lilienfeld arrived
in Albany in 1948, the seeds of his interest in data quality had
been planted. Indeed, one of Lilienfeld’s first publications
dealt with the quality of data on birth certificates.20

Bross raised the issue of whether misclassification in a
2 � 2 table biased the odds ratio estimate towards unity.21

Concerns about the questions used in Wynder and Graham’s
study of cigarette smoking and lung cancer stimulated a
discussion among Bross, Yerushalmy, and Lilienfeld at an
International Biometrics Society meeting in the mid 1950s.
Lilienfeld thought the issue worth examining in the field. In
particular, no one knew whether misclassification occurred in
a study. The test case would be the accuracy of a given man’s

statement regarding his circumcision status. It turned out men
were generally unable to state their status accurately when
compared with the assessment of a health care provider,
suggesting considerable bias may be present in some data
sets.22 Later in his career, Lilienfeld collaborated with Dia-
mond on whether misclassification resulted in an overesti-
mate of the relative risk or an underestimate.23,24 Not until
Baron’s 1977 formulation of a general model of misclassifi-
cation did Lilienfeld consider the issue settled.25

Statistical Methods
The analysis of the polio—gamma globulin study un-

dertaken by the CDC during the 1950s and the analyses of
data used by Modan in his postdoctoral study of polycythe-
mia vera exemplify the interaction of Abe and Yak with regard
to statistical methods.

In the early 1950s, the CDC invited Lilienfeld to assist
in training Epidemic Intelligence Service personnel.26 Fol-
lowing one such training session, Langmuir contacted Lilien-
feld about joining CDC, using Lilienfeld’s direction of an
epidemiologic study of gamma globulin in the prevention of
polio as a pilot. The study commenced, and in short order the
data were collected and analyzed. Langmuir assembled an
advisory board of health officers from New York, Pennsyl-
vania, Illinois, Massachusetts, and Michigan (the most pop-
ulous states in the country) to vet the study findings. In 1954,
Lilienfeld presented the findings to a meeting of this board.

Lilienfeld’s presentation began smoothly as he de-
scribed the study background, study population recruitment,
and data collection. When he came to the description of the
statistical methods used for data analysis, several of the
board members objected. The key method used, the anal-
ysis of variance, was one with which they lacked famil-
iarity. Yerushalmy had suggested use of the technique to
Lilienfeld in 1953. Concerned about its appropriateness,
Lilienfeld consulted with Cochran, who agreed with
Yerushalmy’s recommendation. At the board meeting, Lil-
ienfeld tried responding to the objections by noting the
assent of both Yerushalmy and Cochran. The board mem-
bers would have none of it, however. Lilienfeld asked for
a coffee break.

During the break, Lilienfeld approached Leonard
Schuman, who represented Illinois. Lilienfeld had met
Schuman at the previous American Public Health Associ-
ation annual meeting, and Schuman was the only person
present besides Langmuir whom Lilienfeld knew. He told
Schuman he needed some help. Schuman replied, “Are you
sure about the technique? I know nothing about analysis of
variance, so I need to be sure it’s OK.” “Absolutely. Bill
Cochran and Yak Yerushalmy both reviewed its use. They
thought it was fine.” “Then don’t worry, Abe. Follow my lead.”

After the break, Schuman spoke up. “During the break,
I had a chance to review some of the aspects of this important,
innovative study,” he began. “I must confess, though, I don’t
understand all the uproar about the use of analysis of variance
for the statistical analysis. It’s a common-enough technique,
elementary actually. Students in schools of public health
know all about it, and we use it all the time in the Illinois
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Department of Health. It seems perfectly acceptable to me.
Why do we need to spend precious time discussing something
so elementary when there are important public health policy
issues to be addressed?” With those comments, there was no
further discussion regarding the statistical analysis stopped
and the board approved the findings.26,27 Thus was the
analysis of variance introduced to the CDC, and the profes-
sional collaboration between Leonard Schuman and Abe
Lilienfeld began.

Another example of the influential interactions of Abe
and Yak occurred in the early 1960s. A. Michael Davies,
Chair of the Department of Preventive Medicine at the
Hebrew University Hadassah Medical School, sent one of his
students, Baruch Modan, to Lilienfeld for training in epide-
miology. Modan, a hematologist, wanted to study a hemato-
logical condition for his dissertation. Lilienfeld identified the
outcomes associated with different treatments of polycythe-
mia vera as meriting inquiry. Modan’s findings challenged
conventional wisdom regarding such treatments, and resulted
in the formation of the seminal Polycythemia Vera Study
Group.28,29 Little known, however, is the origin of the statis-
tical techniques involving life tables, which Modan used in
his thesis. Although life tables had been widely used in
epidemiology for almost a century,30,31 there had been little
attention to the statistical theory underlying their analysis.
One of Yerushalmy’s colleagues, Chin Long Chiang, had
subjected the various parameters of the life table to mathe-
matical analysis. While discussing Modan’s thesis with
Yerushalmy at the annual meeting of the American Public
Health Association, Lilienfeld asked about potential analyti-
cal methods. Yerushalmy suggested using some of Chiang’s
work on life tables, which Modan subsequently did.

Biologic Inferences
Perhaps no area of interaction between Lilienfeld and

Yerushalmy was as significant as the discussions the 2 had
regarding the derivation of causal inferences from epidemi-
ologic data. Working with his former boss, Carroll Palmer,
Yerushalmy initiated one of the key discussions in 1950s
chronic disease epidemiology: what evidence is needed to
discern an etiologic factor.31 The issue arose in the context of
the debate on cigarette smoking and lung cancer. Yerush-
almy, a smoker (at times, a chain-smoker) and soon to be a
paid consultant to the tobacco industry, had reviewed the
available information. He did not view it as wholly consistent
with an etiologic relationship between cigarette smoking and
lung cancer. In 1959, Yerushalmy and Palmer proposed a set
of guidelines, modified from the Henle-Koch postulates, as
the basis for deriving causal inferences.32 Evans33 discussed
these guidelines as seminal to the subsequent Surgeon Gen-
eral’s guidelines and the Hill guidelines. Like Sir Ronald
Fisher, Yerushalmy opposed the notion that cigarette smok-
ing caused lung cancer until his dying day.34 Unlike Fisher,
Yerushalmy did not dispute the value of observational data
more generally. Rather, he viewed the smoking data as not
consistently supportive of a causal association.

At professional biostatistical meetings, during the late
1950s and early 1960s, Yerushalmy would often lunch with

fellow Johns Hopkins alumnus Joseph Berkson, the physi-
cian-statistician from the Mayo Clinic. Yerushalmy and
Berkson both denied any relationship between cigarette
smoking and lung cancer.35 Their luncheon discussions often
focused on the basis for denying the relationship, with Berk-
son strongly in the camp of Sir Ronald Fisher. Berkson
contributed the concept of specificity (the causal factor is
specific in its biologic effect) to the Yerushalmy-Palmer
guidelines. (Indeed, when evidence of an association between
cigarette smoking and bladder cancer began to emerge, Berk-
son challenged, “What now, do we breathe through our
urethras?”)

During the 1950s and 1960s, Abe and Yak often de-
bated the cigarette smoking–lung cancer relationship, usually
in a haze of smoke from Yak’s cigarette and Abe’s pipe.
These discussions forced Abe to refine his thinking about the
relationship in epidemiologic terms. Stimulated by the dis-
cussion into thinking about chronic disease epidemiology
more generally, Lilienfeld brought concepts from infectious
disease epidemiology (such as incubation periods) to chronic
disease settings (such as occupational cancer incidence) and
vice versa (such as the use of case–control study designs for
epidemiologic studies of infectious diseases). These ideas
culminated in his inaugural Wade Hampton Frost Lecture in
1973.36,37 The discussions also forced him to consider the
process of deriving biologic inferences, the subject of another
series of papers.36,38,39 Further, by refining his arguments,
Abe was better prepared as an advocate against the tobacco
industry; his 1962 paper in The Nation was predicated on
arguments he had fleshed out in discussions with Yerush-
almy.40 (In 1964, when the Surgeon General’s Committee
was constituted, Lilienfeld was told by friends in the Public
Health Service that his 1962 paper had rendered him too
“partial” to be appointed to the committee. His “consolation
prize” came later in 1964 when he was asked to serve as the
Staff Director for the President’s Commission on Heart Dis-
ease, Cancer, and Stroke.41)

DISCUSSION
The interactions between Lilienfeld and Yerushalmy

were fruitful for both men throughout their careers. In Abe,
Yerushalmy found a capable voice for many of his ideas. In
Yak, Lilienfeld found a source of useful biostatistical con-
cepts and study design ideas. Through his early interactions
with Yerushalmy, Lilienfeld developed an understanding for
the statistical perspective in epidemiology. He subsequently
was able to form alliances with such statisticians as William
Cochran (then Chair of the Biostatistics Department at Johns
Hopkins), Jerry Cornfield, Sam Greenhouse, and Max Halp-
erin (at the NIH). Lilienfeld’s ability to interact with statis-
ticians bore fruit in the 1960s, including his seminal role in
the development of logistic regression and his efforts to save
the Framingham Study from closure.42–44 The latter effort
developed in part out of his familiarity with data analysis
techniques developed by Jerry Cornfield expressly for Fra-
mingham.45,46 Lilienfeld’s efforts to advance biostatistics
within epidemiology was recognized by the statistical com-
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munity, which made him a Fellow in the American Statistical
Association.

Yerushalmy’s need for a voice in the epidemiologic
community may not have been as important in the 1950s as
it would become in the 1960s and early 1970s. His disdain for
physicians likely contributed in part to the frictions between
him and Reuel Stallones, a professor in the epidemiology
department at the University of California, Berkeley. Stal-
lones eventually left Berkeley to found the School of Public
Health at the University of Texas, Houston. At that point,
absent Lilienfeld, Yerushalmy had few avenues left into the
epidemiology community. The situation was compounded by
Yerushalmy’s stand on cigarette smoking and lung cancer. As
the 1960s progressed, the epidemiologic evidence for the
relationship grew, and, with that growth, those (like Yerush-
almy) not recognizing the evidence as increasingly conclu-
sive became intellectually isolated. As much as Lilienfeld
needed and benefited from his interactions with Yerushalmy,
so too did Yerushalmy need and benefit from those same
interactions—a truly symbiotic relationship up until Yerush-
almy’s death in 1973.

What can we learn from this interaction? There are a
number of lessons: advocacy and the role of public health in
epidemiology, the formation of modern epidemiology prior to
the development of the cigarette smoking–lung cancer con-
troversy, and the significance of community within the field
to facilitate its advancement.

Advocacy
Both Lilienfeld and Yerushalmy began their careers

focused on public health, and both spent considerable por-
tions of their early careers in public health settings. They
were strong advocates for public health. The notion that
researchers should not advocate on behalf of public health
would likely strike each as foreign; advocacy was a given
aspect of membership in the public health community. It is
good to be reminded that advocacy by epidemiologists on
behalf of public health has a long and respectable history.
Advocacy by researchers did not inhibit the development of
well-founded health policy in the United States; indeed, it no
doubt assisted it.

Formation of Modern Epidemiology Prior to
the Cigarette Smoking–Lung Cancer
Controversy

Yerushalmy’s entry into public health began prior to
the post-World War II cigarette smoking–lung cancer con-
troversy, while Lilienfeld’s coincided with the development
of the issue. Even before the first American case–control
studies were published in 1950, Lilienfeld began to focus on
noninfectious diseases. The second paper of his career exam-
ined the relationship between alcohol consumption and liver
cirrhosis.47 In general, epidemiology had begun its transfor-
mation from an infectious disease orientation to one domi-
nated by chronic diseases.

Community
As noted previously, both Lilienfeld and Yerushalmy

conducted their work within the context of public health.

They viewed themselves as members of the public health
community. While they had many disagreements, personal
and professional, during their careers, they remained mem-
bers of the public health community and continued their
interactions as such. At a time of increasing polarization
within epidemiology and within the scientific community
generally, we can emulate these 2 leaders whose commitment
to public health transcended their personal disagreements,
even for major issues such as whether cigarette smoking was
a cause of lung cancer. For example, Yerushalmy did not
allow that disagreement to stop his suggestion to Lilienfeld of
analytic techniques for use by Modan. Communication is key
the formation and sustenance of a community; both Lilienfeld
and Yerushalmy sought to maintain such communication. We
would do well to continue to follow their lead.

CONCLUSION
It is popular in the history of medicine and public

health to focus on social trends and movements as expla-
nations of historical phenomena. In some instances, such
as the promotion of cigarette smoking and the discovery of
its subsequent health effects, it is difficult to examine the
events in other than a societal context.48 –50 In the present
instance, however, the reader may see the effect of 2
individuals, sometimes collaborating, sometimes disagree-
ing, on the subsequent development of epidemiology. For
example, record linkage in the United States can be traced
back (at least in part) to Berkson’s suggestion through
Yerushalmy to Lilienfeld to link birth and death records as
a means of creating a population for epidemiologic obser-
vation. The later development of the Kaiser-Permanente
database built on these efforts. Modern pharmacoepidemi-
ology was one result of the availability of the Kaiser-
Permanente and other similar databases developed in the
1970s and early 1980s.51 Few today are aware of these
connections, as little has been published on them.

Although this paper has presented some information
about the intellectual output of both men, each could be the
subject of dissertations in the history of epidemiology and
public health. My observations are not exhaustive; there are
likely other interactions I know nothing about. The nature of
my relationship with both men (and their relationship with
each other) carried with it the lack of formal documentation.
Lilienfeld rarely saved correspondence, working drafts of
manuscripts, presentations, etc. The same is true for Yerush-
almy. Much of the evidence reported in this paper is apoc-
ryphal; I trust that this does not diminish the credibility of the
findings themselves.
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COMMENTARY

On Abe and Yak
George W. Comstock

David Lilienfeld1 has given us an interesting and instructive insight into the landmark
contributions of 2 of the great men in epidemiology and biostatistics. I had the good

fortune to have worked for and with both Abe Lilienfeld and Jacob (Yak) Yerushalmy.
Abe and I were both junior officers in the United States Public Health Service

(USPHS) at the end of World War II. At the war’s end, each of us was assigned to projects
to evaluate the mass chest photofluorographic surveys that were so prominent a part of
tuberculosis control at that time. Yak and Carroll Palmer (Director of the Research Section
of the newly created Division of Tuberculosis Control in the USPHS) had designed 2
research projects to assess the importance of the asymptomatic cases of tuberculosis
detected in mass surveys.

One research center was in Philadelphia. Cases there were invited to come to a
central clinic for careful examinations that included collection of gastric fluid for tubercle
bacilli. This was not a pleasant procedure. Participants soon learned that a request to report
for examination “without breakfast” meant that a gastric examination was scheduled.
Attendance after such a request was understandably low. Abe quickly saw that the
Philadelphia study was doomed to failure. He resigned from USPHS and joined the
research unit at the New York State Health Department. There he started a career that
would lead to his recognition as one of the world’s greatest epidemiologists.

I do not know the circumstances that led Abe to be assigned to the Research Section in
Philadelphia. Certainly, Yak knew that Abe had a remarkably fertile mind and could make
important contributions to any study to which he was assigned. Perhaps it was an unfounded
fear that anti-Semitism would be a handicap in the other proposed research site in Georgia.

I went to Georgia, where the evaluation project was based on long-term follow-up of the
surveys rather than on exams. Yak and Palmer had recognized that follow-up was another way
to evaluate the value of these photofluorographic chest surveys. The first of these surveys was
conducted in Chatham County (Savannah) Georgia in 1945. Because presurvey
planning was needed to establish a facility for conducting the follow-up, the second mass
survey was selected for this purpose. This second survey was scheduled for early summer of
1946 in Muscogee County (Columbus), Georgia. An added attraction was that the Muscogee
County Health Officer, James A. Thrash, was anxious to have the follow-up facility in his
Health Department. During the following years, he built a remarkably complete and competent
health department through the integration of various special projects.

Following World War II, there was considerable political pressure for the United
States to add Bacille Calmette Guerin (BCG) vaccination against tuberculosis to the other
routine childhood vaccinations. This was spearheaded by the prominent philanthropist,
Mary Lasker, and the Health Officer from Chicago where Rosenthal’s strain of BCG
vaccine was already in use. Partly to appease the proponents of BCG vaccination, and
partly to answer the very real doubts about the place of this vaccination in tuberculosis
control in the United States, the USPHS initiated 4 controlled trials of BCG vaccination. Two
trials, among western Indian reservations, were soon discontinued because of difficulties in
maintaining adequate follow-up. The other 2—one in Puerto Rico and the other in Muscogee
County, Georgia—were completed, with follow-up for nearly 20 years.
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Faced with the possibility that the use of BCG vaccine
would become more widespread, Yak devised a scheme that
would allow some evaluation of its usefulness. He proposed
that children born in even years be vaccinated and children
born in odd years be left unvaccinated as controls. This
system was used in Muscogee County. Had BCG vaccination
become more common, Yak’s suggestion might well have
salvaged useful information about its value.

It is clear from the preceding discussion that Yak had a
major role in the Muscogee County Study. Abe had no direct
connection with that study, but in his later role as Chairman
of the Johns Hopkins Department of Epidemiology, his sup-
port was crucial in enabling me to continue long-term studies
of the participants.
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REMEMBRANCE

Greg Roy Alexander, 1950–2007
Hamisu Salihu

Greg Alexander died on 20 February 2007 at the age of 56. Greg will be remembered
for his many contributions to the field of perinatal epidemiology. His work on fetal

growth curves for singletons, twins, and triplets represents one of the most highly-cited
references in the field. Similarly, his R-Gindex (revised graduated index) for quantifying
prenatal care is widely used to estimate the adequacy of prenatal care, especially among
high-risk mothers.

Greg worked in the service of public health. From 1971 to 1975, he served at the
Charleston County Health Department in South Carolina. Subsequently, he became a research
biostatistician at the South Carolina Department of Health and Environmental Control
(1976–1979), during which time he obtained a Masters degree in Public Health from the
University of South Carolina. He was awarded a Doctor of Science degree from the School of
Public Health at John Hopkins University in 1989. After teaching at Hopkins for a few years,
he left to become the Chair of Maternal and Child Health (MCH) at the University of
Minnesota (1990 –1995), and subsequently Chair of the MCH Department at the
University of Alabama in Birmingham (1995–2005). Greg became Professor of
Pediatrics and Public Health at the University of South Florida in 2005.

Within the relatively short span of his professional career, Greg received more than
a dozen national awards recognizing excellence in research, teaching and service. More
important, he left a legacy by mentoring a new crop of perinatal epidemiologists to uphold
his principles and beliefs—seeking evidence rather than relying on blindfolded belief,
being passionate about one’s work, teaching the next generation, and treating students
with dignity. If you do not treat your students respectfully, he said, “you will harm them,
harm yourself, and harm the spirit of good science.” We have lost a wise colleague, an
outstanding scholar, a creative mind and a wonderful mentor.

Greg maintained an admirable balance of work with leisure and family life. He is
survived by his wife, Donna, and 2 daughters, Kerry and Morgan.
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LETTERS TO THE EDITOR

Researchers and HIPAA

To the Editor:

Medicaid data have been used for
pharmacoepidemiologic research

since the early 1980s, and there is now
optimism about using Medicare Part D
data for such studies. Database studies
often require hospital records to validate
study outcomes.1 Unfortunately, the
Health Insurance Portability and Ac-
countability Act (HIPAA) has made ob-
taining medical records much more
challenging. We sought to develop and
test a mechanism to obtain hospital
records for research.

As part of a study of drug-induced
sudden death and ventricular arrhyth-
mia, the Centers for Medicare and Med-
icaid Services (CMS) provided us with
Medicaid claims data from 5 states (Cal-
ifornia, Florida, New York, Ohio, and
Pennsylvania) covering 1999–2000. Be-
cause Medicaid claims are often incom-
plete for persons who are also eligible
for Medicare,1 we also obtained Medi-
care data for all dually eligible persons
from those states.

Quality Improvement Organiza-
tions (QIOs) are a national network of
contractors whose mission is to improve
the quality of health care provided to
Medicare beneficiaries. As part of this
mission, QIOs have traditionally ab-
stracted hospital medical records. More
recently, primary responsibility for this
role has shifted from QIOs to a single,
national CMS-funded Clinical Data Ab-
straction Center (CDAC), which obtains
and abstracts inpatient medical records
nationwide.

Our proposed mechanism for ob-
taining inpatient records was as follows.
First, we used Medicaid and Medicare
data to identify a list of hospitalization
outcomes to be validated. We then pro-
vided information about these hospital-
izations to the CDAC. This information

included social security number, Medic-
aid statistical information system identi-
fication number and/or Medicare health
insurance claim number, sex, date of
birth, admission date, discharge date,
and hospital identifiers. The CDAC
would then contact the hospital and re-
quest a photocopy of the relevant record
for research purposes. The hospital
would photocopy the record and mail
the photocopy to the CDAC, which
would reimburse the hospital for photo-
copying and shipping. The CDAC
would then redact direct personal iden-
tifiers and ship the redacted records to
the academic center.

The University of Pennsylvania’s
institutional review board approved the
study and granted waivers of informed
consent and HIPAA authorization, and
CMS granted the needed data reuse
agreement. Once we had executed a
business associate agreement with the
CDAC, we provided the CDAC with an
electronic file containing the informa-
tion needed to request records. As re-
quired by the HIPAA Privacy Rule, we
accounted for this disclosure of pro-
tected health information.

The CDAC requested 164 inpa-
tient records of 164 patients, and re-
ceived full inpatient records of 128
(78%) of these. We would expect a
higher success rate for more recent
records, and a lower rate for less recent
ones. The CDAC recontacted nonre-
sponding hospitals, which provided the
following reasons for not providing re-
quested records: unable to locate record
(n � 17), hospital closed or otherwise
unable to be contacted (n � 4), refused
(n � 2), and no reason given (n � 13).
The CDAC charged $15,000 including
hospital reimbursements, which comes
to $117 per chart retrieved.

We believe that this mechanism
for obtaining hospital records can
greatly enhance the scientific and public
health value of data now available from
CMS, as well as Medicare Part D data,
which we hope will become available
soon. We see no reason why other re-
searchers cannot use this same mecha-
nism. A mechanism to obtain outpatient
records would also be valuable, since
not all outcomes result in hospitaliza-
tion. However, this may prove more
challenging, since outpatient providers,

unlike hospitals, are unaccustomed to
responding to requests by the CDAC
or QIOs.

Sean Hennessy
Charles E. Leonard

Warren B. Bilker
Center for Clinical Epidemiology and

Biostatistics and Center for Education and
Research on Therapeutics

University of Pennsylvania School of
Medicine

Philadelphia, PA
hennessy@mail.med.upenn.edu

REFERENCE
1. Hennessy S, Carson JL, Ray WA Medicaid

databases. In: Strom BL, ed. Pharmacoepide-
miology. 4th ed. Chichester, UK: John Wiley
and Sons; 2005:281–294.

Coffee and Myocardial
Infarction

To the Editor:

Just before taking my first sip from a
cup of coffee, I read the case-cross-

over study by Baylin et al1 and its esti-
mated relative risk of 1.5 for myocardial
infarction in the hour after doing what I
was about to do. I wondered what this
result might mean if it were translated
into more meaningful terms. Recalling
the advice of Cornfield et al2 to use the
risk difference for such a purpose, I
realized I needed an estimate of the
baseline risk: the risk my cup of coffee
would hypothetically be increasing by
an estimated 50%.

Schwartz et al found that baseline
risks are hard to come by in journal
articles in which estimates of ratio effect
measures are reported.3 Sure enough,
the paper by Baylin et al1 gave no hint as
to what the 1-hour risk of myocardial
infarction might be. I went to a previous
paper the authors cited from the same
study,4 then to the paper cited by that
paper.5 No luck. It was a population-
based study and myocardial infarction
incidence rates had been calculated, but
none had been reported.

Clearly, I had to take another tack.
Browsing through the web site of the
National Heart, Lung and Blood Insti-
tute (www.nhlbi.nih.gov), I stumbled
across a document6 with an appendix
giving a brief description of Framing-
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ham risk scoring. Although a “Framing-
ham risk” is an estimated risk of myo-
cardial infarction or coronary death and
Baylin et al1 had studied only the
former, I was unfazed. I needed only a
ballpark value. After all, the decision in
question was just a single cup of coffee
for a target population of size N � 1.

Some illustrative tables in the ap-
pendix6 suggested that a 10-year risk of
10% would not be out of the question.
That was the risk given for a man with a
Framingham score of 9 or a woman with
a score between 19 and 20.

With the help of my trusty calcu-
lator, I was able to take it from there. An
average decade has 10(365.25)(24) �
87,660 hours. Hence, a 10-year risk of
10% would be a 1-hour risk of 0.1/
87,660, or about 1 in a million. A 50%
increase in such a risk would be an
increase of about 1 in 2 million.

Finally, I had an answer to my
question. What would it mean for a cup
of coffee to increase the 1-hour risk of
myocardial infarction by 50%? It would
mean an expectation, on average, of
about 1 extra heart attack in the hour
immediately following the consumption
of each 2,000,000 cups of coffee.

Schwartz et al3 suggested that re-
searchers should routinely provide this
kind of information to readers: the ab-
solute differences that are implied by the
ratios of risks, rates, and prevalences we
typically estimate. I agree. Journals
might think about encouraging or even
insisting that this information be pro-
vided, even if only in very approximate
terms like those in my calculations.

In the 2 hours it had taken me to
work out that risk difference on my own,
my coffee had gone cold. While weigh-
ing the risk-benefit tradeoff of getting a
fresh cup, I was reminded of something
a colleague once told me. He, too, had
conducted a case-crossover study of
myocardial infarction and coffee, but the
results were never published. They were
“negative.”

That made my decision even easier.

Charles Poole
Department of Epidemiology

University of North Carolina School of
Public Health

Chapel Hill, NC
cpoole@unc.edu
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The authors respond:

We agree with Dr. Poole1 that the
absolute risk of having a myocar-

dial infarction is very low. This point
was reflected in the commentary by Dr.
Siscovick2 that accompanied our paper3;
it has also been considered in other pub-
lications about triggers of myocardial in-
farction.4–6 For example, sexual activity
is recognized as a known trigger of myo-
cardial infarction, but, precisely because
of the very low absolute risk, and keeping
in mind the potential benefits, most people
at risk of having a myocardial infarction
are not discouraged of having sex.5,7

However, Dr. Poole missed the
point of our study, which explored a bio-
logic mechanism. In theory, any exposure
that increases the sympathetic nervous
system could trigger a myocardial infarc-
tion provided that there is a vulnerable
atherosclerotic plaque. Caffeine in coffee
is a known stimulant of the sympathetic
nervous system. Based on this biologic
mechanism, we showed not only that cof-
fee may trigger a myocardial infarction
(regardless of the low absolute risk) but
also that this effect is modified by habitual
intake of coffee and physical activity.3

These two modifiers indicate that some
habitual lifestyles make people less sus-
ceptible to surges in sympathetic activity.
In our view, the consistency between the

data and the hypothesized biologic mech-
anism is a major strength of our study.

It was not our intention to alarm
people about having a heart attack after a
single cup of coffee. We regret that Dr
Poole felt apprehensive about having his
daily cup of coffee. It is clear that in order
to decrease the absolute risk of myocardial
infarction one should focus on the tradi-
tional known risk factors: no smoking,
healthy diet, weight control, and physical
activity—and, by all means, enjoy the
small pleasures of life!
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Statins and Cancer

To the Editor:

In their recently published case–control
trial, Coogan et al., reported that statin

use was not associated with the risk of
10 cancers at extra-hepatic sites.1 Dif-
ferent statins are frequently grouped to-
gether as a drug class since they share a
major biochemical function—inhibition
of hepatic HMG-CoA reductase. How-
ever, there is considerable evidence that
the hydrophobic and hydrophilic statins
differ in their biochemical function at
extra-hepatic sites.2 Grouping these com-
pounds together for the purpose of analyz-
ing a cancer risk in extra-hepatic tissues
may mask an effect where one exists.

Hydrophilic pravastatin does not
enter most normal extra-hepatic cells or
malignant cells of extra-hepatic origin.
This precludes a protective effect of this
statin on the growth of malignant cells at
most extra-hepatic sites. Failure to dis-
tinguish cancer risk data between users
of hydrophobic and hydrophilic statins,
therefore, may temper findings of a pro-
tective effect where one exists. Further-
more, it is biologically plausible that
hydrophilic statins such as pravastatin
that lower serum cholesterol but do not
enter most extra-hepatic cells may actu-
ally increase the risk of some extra-he-
patic cancers. Lowering serum cholesterol
causes a compensatory induction of
HMG-CoA reductase in extra-hepatic
cells. We have shown that mevalonate, the
product of this enzyme, can promote the
growth of tumors derived from human
cells in mice.3 Although lipophilic statins
can readily enter extra-hepatic cells to in-
hibit HMG-CoA reductase activity and
compensate for the induction of this en-
zyme, hydrophilic statins cannot. Group-
ing of hydrophilic and hydrophobic statins
in studies of their extra-hepatic effects
without regard to fundamental differences
in their extra-hepatic function may, there-
fore, obscure findings of risk where one
exists.

Robin E. Duncan
Department of Nutritional Sciences and

Toxicology
University of California

Berkeley, CA
robin_duncan@berkeley.edu
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The authors respond:

Duncan et al1 suggested that a pro-
tective effect of statins on cancer

risk may be more apparent among
hydrophobic than hydrophilic statins,
and that use of the latter may increase
cancer risk. In response we have re-
examined the association between can-
cer risk and use of statins using data
from our previous report.2 We classi-
fied simvastatin, lovastatin, and fluva-
statin as hydrophobic and pravastatin and
rosuvastatin as hydrophilic, based on
pharmacokinetic data3,4 and on classifica-
tion schemes used elsewhere.5,6 It is un-
clear where atorvastatin belongs: Dale et
al5 considered it hydrophilic but other
sources describe it as lipophilic3,4,7 In the

present analysis, atorvastatin users were
excluded.

The table shows odds ratios among
users of all statins combined as given in
the original report,2 and among subjects
who used hydrophobic statins exclusively
or hydrophilic statins exclusively.

The odds ratios among hydro-
phobic statin users are within 10% of
those reported among all statin users
for cancers of the prostate, colorec-
tum, lung, and pancreas and for leuke-
mia. The odds ratios for breast, endo-
metrial, bladder, and kidney cancers
are reduced by 20%– 40% compared to
those reported for all statin use, but all
are near 1.0. The odds ratios among
hydrophilic statin users for prostate
and colorectal cancer were at or near
1.0 and were increased 2-fold for breast
and endometrial cancer, although not sta-
tistically significantly so.

Numbers were small, but the fact
that some odds ratios decreased among
the hydrophobic statin users and in-
creased among the hydrophilic statin us-
ers, compared to users of all statins,
tends to support the reasoning of Dun-
can et al.1 Data from the Women’s
Health Initiative, wherein a reduced risk
of breast cancer was observed among
hydrophobic statin users but not among
pravastatin users, also suggest that the 2
types of statins should be considered
separately.6 Since atorvastatin is the most
widely used statin, consensus should be
reached on where it fits in this classifica-

TABLE 1. Hydrophobic and Hydrophilic Statin Use Among Cancer Cases and Controls

Cancer Type

All Statins Hydrophobic Statins Hydrophilic Statins

No.
OR*

(95% CI) No.
OR*

(95% CI) No.
OR*

(95% CI)

Prostate 153 1.2 (0.9–1.7) 91 1.3 (0.8–1.9) 18 1.1 (0.4–2.5)

Breast 69 1.2 (0.8–1.8) 40 1.0 (0.6–1.7) 10 2.0 (0.7–5.5)

Colorectal 35 0.8 (0.5–1.2) 22 0.8 (0.5–1.2) 6 1.0 (0.4–2.7)

Lung 31 0.7 (0.4–1.1) 22 0.7 (0.4–1.2) 1 —

Endometrial 19 1.3 (0.7–2.4) 8 0.9 (0.4–2.0) 5 2.3 (0.6–8.4)

Bladder 20 1.3 (0.8–2.3) 13 1.1 (0.6–2.2) 4 —

Kidney 16 1.1 (0.6–1.9) 9 0.9 (0.5–1.9) 0 —

Leukemia 15 1.1 (0.6–2.0) 11 1.2 (0.6–2.3) 1 —

Pancreas 10 0.7 (0.3–1.4) 7 0.7 (0.3–1.6) 0 —

All controls 190 — 130 — 20 —

Female controls 91 — 65 — 9 —

Male controls 99 — 65 — 11 —

*Adjusted as in original report.1
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tion scheme. More data are clearly needed
to address these questions.

Patricia Coogan
Lynn Rosenberg

Slone Epidemiology Center
Boston University

Boston, MA
pcoogan@slone.bu.edu
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Silica and Lung Cancer

To the Editor:

With interest we read Dr. Stayner’s
commentary1 on the large European

study by Cassidy and colleagues2 into oc-
cupational exposures to crystalline silica
and the risk of lung cancer. On the basis of
this study and numerous previous investi-
gations, Dr. Stayner gave a personal “yes”
to the following question: “Have we
reached a point at which there is enough
evidence to conclude that, at least under
some circumstances, exposure to silica is
causally associated with an increased risk
of lung cancer?”

We agree. And yet, there is a critical
“but.” Importantly, we think that such
judgment is not enough in terms of pre-
vention. We don’t want to fall into the trap
of an inevitable call for further research.

However, in order to make sound public
health decisions concerning silica at the
low end of the exposure scale we need to
answer the following causal question
posed earlier by, among others, Checko-
way and Franzblau3: Is silicosis required
for silica-associated lung cancer?

Indeed, silicosis could be part of
the pathogenetic chain that leads to sil-
ica-associated cancer. Alternatively, or
additionally, it could be a complex bi-
omarker of exposures to silica and of
susceptibility to lung carcinogens, in-
cluding silica, or susceptibility to lung
alterations and disease, including can-
cer. Following this rationale leads to 2
public health consequences. If silicosis
is necessary to increase the risk of lung
cancer, then the public health goal
should be to prevent silicosis. But if it is
not a necessary exposure, then lung can-
cer risks may be increased at much
lower doses of silica not known to cause
silicosis, implying that current exposure
standards may not be appropriate to pre-
vent lung cancer.

Unfortunately, the studies to date,
including the one by Cassidy et al,2 do
not allow unambiguous answers to the
questions regarding the causal path(s)
that may lead to lung cancer in silica-
exposed workers nor do they provide the
much-needed insights into possible ef-
fects at the low ends of exposure. (The
cumulative exposure distribution pre-
sented by Cassidy et al differs consider-
ably from distributions found in other
studies, including the cited investigation
by Hughes et al.4)

Future studies should consider the
entire exposure-response range between
silica dust exposure, silicosis develop-
ment and lung cancer occurrence, and
researchers should analyze data in terms
of processes, taking intermediate con-
founding5 and possible threshold effects
into account.6

Thomas C. Erren
Peter Morfeld

Christine B. Glende
Claus Piekarski

Institute and Policlinic for Occupational
and Social Medicine

School of Medicine and Dentistry
University of Cologne

Cologne, Germany
tim.erren@uni-koeln.de
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The author responds:

Erren and his coauthors1 agree that
there is sufficient evidence to con-

clude that “exposure to silica is causally
associated with an increased risk of lung
cancer.” However, they add that there is
still a “critical ‘but,’” which is whether
silicosis is required for silica-associated
lung cancer. I agree with the authors that
this is indeed an important unresolved
question, which has large medico-legal
and regulatory implications. If silicosis
were necessary for silica-induced lung
cancer, then a case of lung cancer with-
out silicosis might be dismissed as being
unrelated to silica. If occupational stan-
dards for silica are set at a level that
would prevent silicosis, then this would
also eliminate excess lung cancer. This
is somewhat moot given that the OSHA
standard for silica is associated with a
substantial risk of silicosis2–4 as well as
lung cancer.5,6 The question has greater
relevance for environmental exposures,
which are generally below levels where
silicosis has been reported to occur. If
their conjecture is true, this may suggest
that there is a threshold for silicosis and
hence for lung cancer. However, the
absence of evidence of silicosis for en-
vironmental exposures does not neces-
sarily imply a threshold, and might be
explained by limitations of the diagnos-
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tic tests or low power of studies to detect
weak effects.

Most studies have not found an as-
sociation between silica and lung cancer
among individuals without silicosis,7–10

while some have.11 Interpretation of
these mostly negative findings is com-
plicated by the facts that silicosis may
also be regarded as a marker of heavy
exposure to silica and that the diagnosis
of lung cancer may increase the likeli-
hood of silicosis detection. Study results
indicating an increase in lung cancer
among persons without silicosis might
be attributable to underascertainment of
silicosis based on chest radiographs.
Comparisons of findings from patho-
logic exams at autopsy with chest radio-
graphs have shown that the use of chest
radiographs may grossly underestimate
the prevalence of silicosis.12

Finally, Erren et al1 suggest that
further research is needed to resolve this
important issue in order to be able to
“make sound public health decisions
concerning silica at the low end of the
exposure scale.” In 2000 Checkoway and
Franzblau13 suggested that the question of
whether or not silicosis required for

elevated lung cancer risk “is virtually
unanswerable.” Unfortunately this sit-
uation has not improved since their
review and is unlikely to change in the
near future.

Leslie Staynor
Division of Epidemiology and Biostatistics

University of Illinois Chicago School of
Public Health

Chicago, IL
lstayner@uic.edu
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