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Abstract

Ecological studies require a methodological theory distinct from that used in individual-level
epidemiological studies. This article discusses the special problems that need to be considered when
planning ecological studies or using the results of such studies. Ecological studies are much more
sensitive to bias from model mis-specification than are results from individual-level studies. For
example, deviations from linearity in the underlying individual-level regressions can lead to
inability to control for confounding in ecological studies, even if no misclassification is present.
Conditions for confounding differ in individual-level and ecological analyses. For ecological
analyses of means, for example, a covariate will not be a confounder if its mean value in a study
region is not associated with either (i) the mean exposure level across regions, or (ii) the mean
outcome (disease rate) across regions. On the other hand, effect modification across areas can
induce ecological bias even when the number of areas is very large and there is no confounding. In
contrast to individual-level studies, independent and nondifferential misclassification of a
dichotomous exposure usually leads to bias away from the null hypothesis in aggregate data studies.
Failure to standardize disease, exposure and covariate data for other confounders (not included in
the regression model) can lead to bias. It should be borne in mind that there is no method available
to identify or measure ecological bias. While this conclusion may sound like a general criticism of
ecological studies, it is not. It does, however, serve as a reminder of the problems that need to be
considered when one designs, analyses, or critically evaluates ecological studies.

Introduction

The objective of this paper is to give a brief review of ecological studies which deal with aggregate
data measured on groups of people rather than on individual persons. The types of ecological study
can be either explorative (disease mapping) studies, multi-group (disease-exposure correlation or
regression) studies, or time-trend (time-series) studies. Ecological studies are the main epidemio-
logical method used in the Health and Environmental Analysis for Decision-making (HEADLAMP)
project, described in detail in the article by Corvalan and Kjellström in this issue (1).
    The main advantage of the ecological approach is that it permits the study of very large
populations, and the studies are often relatively easy to conduct using existing databases in a fairly
short period of time. On the other hand, ecological studies are subject to unique biases not present
in individual-level studies. The various sources of biases in ecological data derive from linkage
failures; that is, an ecological study does not link individual disease events to individual exposure or
covariate data. In addition to sampling error, ecological estimates are prone to measurement error,
sensitive to misspecification of the regression model form, and the conditions of confounding differ
from those of individual-level studies. The primary strategy for bias prevention in ecological
studies, as in epidemiologic studies in general, must be the design of a valid study. If bias persists,
there are limited statistical methods available for bias reduction in the data analysis phase. Finally,
this paper recalls the methodologic recommendations that were proposed by Morgenstern and
Greenland for a valid ecological study design and data analysis (2,3).
____________________
a This article is part of the methodology report titled Epidemiologic methods for linking health and environment
monitoring data for decision making on the World Health Organization's Health and Environment Analysis for
Decision-making (HEADLAMP) Project. It was prepared for the HEADLAMP project during the author's visits to the
WHO Office of Global and Integrated Environmental Health, Geneva, in 1994.
bDepartment of Epidemiology and Biostatistics, Finnish Institute of Occupational Health, Helsinki (Finland).
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Basic characteristics of ecological studies

Objectives
Ecological studies describe and analyze correlations between variates measured on populations in
groups or regions rather than individuals. The variates concerned are aggregated observations on
individuals, for example, rates and averages measured on groups of people.
    The ecological method is a research technique used in observational studies to detect and
recognize patterns of disease occurrence across space and time, and to relate the rates of disease
frequency to environmental, behavioural, and constitutional factors. The ecological design in
epidemiology is also useful for the evaluation of intervention on risk factors for various diseases,
for example, the effect of low-cholesterol diet on the rate of ischemic heart disease.
    Ecological analyses thus use aggregate or grouped data, rather than individual level data, as the
basic sampling unit of analysis. The grouping variate is usually a geographical region, although
other factors such as ethnicity, socio-economic class, time period, etc., could also be used for
grouping. Ecological analyses of exposure-disease relation can be biased by model
misspecification, confounding, nonadditivity of exposure and covariate effects (effect modification)
and noncomparable standardization. Ecological correlations and rate estimates can be more
sensitive to these sources of biases than individual-level estimates, because of ecological estimates
are based on extrapolations to unobserved individual-level data.
    This article has assembled recent results which describe various methodologic issues concerning
ecological studies in environmental health research, with emphasis on biases in ecological estimates
as against their counterparts in individual-level designs. Some strategies described here may be
useful for minimizing bias in ecological estimates. The description draws heavily on the important
works of Brenner, Greenland, Morgenstern, and Robins (3,4,5,6,7,8,9).

Types of ecological Design
An exploratory disease mapping can detect geographical disease clusters without any direct
incorporating of exposure information. An example is a cancer atlas in which the spatial variations
in mortality that exist within and between countries for some cancers form the point of departure for
further studies to uncover possible determinants of risk.
    With the availability of exposure information an epidemiologist can study its association with
disease outcome in a single population at a given point in time. Alternatively one can compare the
correlations or, preferably, the slopes of regression lines in two or more populations. In either
design, the data accrue in a relatively short time span but there are no multiple measurements over
an extended time period.
    In time-trend ecological studies, a single population may be followed up in regard to its changes
in exposure over time and the respective changes in the rates of disease over the same period of
time. For example, the association between the amount of fluoridation of the drinking water and the
corresponding incidence rates of caries in the teeth was studied in a population of one town in
Eastern Finland for several years (before the community experiment was stopped in fear of possible
adverse health effects).
    An example of a 2-group comparison design with time trend data is the community health
promotion program (towards healthier eating habits, among other changes) conducted in the
province of North Karelia in Eastern Finland, with the province of Kuopio, in the same region,
selected as a control (10). The incidence of coronary heart disease declined in the intervention
population over time, but a similar favourable trend was also observed in the neighboring, control
population. Thus the relative risk was by and large unaffected by the program. This study's result
emphasizes the general epidemiological principle that the inclusion of an unexposed control
population is necessary for estimating the possible effects of exposure.
    In the multi-group comparison design, data on exposure to an agent and the health outcome are
collected on a group basis for several regions. A study of this type is the time-series data from the
Nordic countries showing the change in the mortality rate from cervical cancer following the
initiation of Pap smear screening (11). Because the rate of cervical cancer was declining before the



introduction of the programmes, it is again uncertain whether screening indeed had any favourable
effect on cancer mortality. Another example of this kind is an ecological study on the chlorination
of drinking water and lung cancer incidence in Norway (12). This study was a 2-level geographical
investigation in 19 Norwegian counties and 97 municipalities, in which a slightly increased
incidence of cancer of the colon and rectum was found.

Advantages ecological Studies
The main advantage of the ecological approach is that it permits the study of very large populations
(e.g., entire countries). An example is an analysis of the relation between the national coronary
heart disease mortality rates and fatty acid balance (the estimated polyunsaturated / saturated fat
ratio) in the diet of populations of approximately 20 countries (13). This study used WHO/FAO
data (14) and regularly published mortality statistics from the participating countries.
    Ecological studies remain common because they are often relatively easy to conduct using
existing data bases in a relatively short period of time. Thus a judiciously implemented ecological
approach can serve as a cost-effective alternative for screening or monitoring many diseases and
environmental conditions across geographical areas.
    Because it is feasible to study large populations ecologically, relatively small increases in risk
can be detected. For example, the association of air pollution and daily mortality was studied in
Birmingham, Alabama (United States of America) (population 884,000) with time series data from
1985 through 1988 (15). A small significant association (relative risk = 1.1) was found for a 100-µg
increase in respirable particles.
    Ecological studies sometimes cover populations more markedly divergent in their exposures than
those that can be readily obtained in studies of individuals. The ecological approach may also be
useful for the investigation of clusters of disease in relatively small geographical areas. In addition,
description of variations in disease frequency among or within geographical regions can provide
suggestions for more analytic epidemiological research.

Disadvantages of ecological Studies
The ecological design provides no information at all on the joint distribution of the exposure and
disease variate at the individual level. Thus there is no way of knowing from the ecological data
which individuals experiencing the health outcome have in fact been exposed to the environmental
risk factor.
Inferences on individual-level exposure-disease relations from ecological data are justified only
under exceptional, rarely met conditions. Therefore, deriving individual-level relations from
ecological data should be viewed as a particularly tentative and exploratory process, which may
yield very misleading results. Routinely-registered health event data (e.g., hospital discharges) may
not suit the purposes of the ecological research in question, for instance, because of an unusable
classification system of diseases. For less severe health events such as acute asthmatic attacks there
may be no records available at all. AIt may also be difficult to define population denominators (e.g.,
the catchment population of the hospital) corresponding to the health event numerators.
    Extra effort may be needed to create health and environmental data sets with comparable
population subgroups. Health data are usually available for administrative units such as municipal
health districts, municipalities, or provinces, whereas environmental pollutants and other exposures
transcend their boundaries. For example, air quality data are measured in Helsinki (Finland) by
district municipal authorities at several automatic monitoring stations which are located irregularly
all over the city. The air pollutants levelsin various parts of the city are assessed by mathematical
models to provide estimates of exposure for populations in the ecological units of analysis.
    As an illustration of the problem of obtaining inadequate exposure data, consider an ecological
study to detect an association between the birth rate of infants with neural-tube defects in the
Australian state of New South Wales and Australia's use of trichlorophenoxyacetic (2,4,5-T) acid
during the previous year (16) (Fig. 1). The only Australian data accessible to the investigators for
record-linkage were relatively complete epidemiological information on annual birth-rate of
malformations in the State of NSW in 1965-1976 and herbicide usage for the whole of Australia in



the same period. Usages of 2,4,5-T for each State were not available. Estimates of the actual
number of persons in NSW occupationally or environmentally exposed to this herbicide were
evidently too difficult to obtain. The proportion of population classified as living in rural areas in
this Australian State was presumably approximately the same as in the whole of Australia (i.e.,
15%), and a linear correlation (r=0.65) between NSW rate for neural-tube defects with previous
year's usage of the herbicide in Australia was found. However, as the authors pointed out, the
crudeness of the exposure data and the record-linkage nature of the analysis cannot be taken as
direct evidence of any causal association involving 2,4,5-T herbicide.
    Ecological studies are subject to unique biases not present in individual-level studies. Therefore
the demand for methodologic rigor is great. When biases cannot be ruled out or quantified with
available ecological data, further exploration will require individual-level studies.

Fig. 1
Ecological relationship between rate of neural-tube defects (N.T.D.)
per 1000 births and utilization of trichlorophenoxyacetic (2,4,5-T)

acid (in equivalent tonnes), Australia.

Note: normal regression line and smoothed regression curve fitted to the
time-series data of Field & Kerr (Ref. 16). The circles represent yearly

observations between 1965 and 1976.

Biases in ecological vs. individual-level studies

The ecological Fallacy
Unlike an individual-level study, an ecological study does not link individual disease events to
individual exposure or covariate data, nor does it link individual exposure and covariate data to one
another. The special biases of the ecological studies spring from these linkage failures.
    The aggregation bias or cross-level bias refers to the incorrect estimates of exposure effect that
result from the analysis of data aggregated across study groups. Because the groups are typically
heterogeneously exposed, cross-level bias is a more complex issue than that of a simple
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confounding by group (specification bias).
    In addition to the sources of bias inherent in individual-level studies, ecological estimates of
effect can be biased from confounding by group and effect modification by group. Covariates
responsible for ecological bias may not even be confounders or effect modifiers at the individual
level (4).
    Because the geographical units on which the ecological sampling is based are divisible,
ecological analyses are often done at several levels that may not give identical results. Therefore, it
is essential to check the stability of the results for their interpretation.

Sampling Error
One problem that has not been sufficiently touched in literature on ecological studies is that the
ecological estimates of exposure are based on sample surveys and so are subject to sampling error.
If the sampling error is not negligible, exposure variates (ecological regressors) have standard
errors, which will bias the regression coefficients (17). If estimates of the standard errors are
available from surveys, these may be incorporated to correct for the bias. For example, the smoking
prevalence estimates obtained in a survey in Germany were based on samples of sizes exceeding
2000 and generally exceeding 5000 (from populations ranging in size from 371,000 to 2,760,000):
for prevalence estimates ranging from 12% to 26%, the standard errors were less than 0.8% and
mostly under 0.5% (5). Thus, in this example there was no need to correct the regression coefficient
(and its variance) by using an errors-in-variables model (17),

Measurement Error
The proneness of ecological estimates to measurement error can be far more important source of
uncertainty than the sampling error of the ebasic variates. Apart from basic demographic variates
(such as sex, age, and vital status), most measurements used in ecological analyses contain errors.
Measurement error has different effects for ecological and individual-level studies. Sample design
in an ecological study is more complex than that of classical epidemiological (e.g., cohort) studies.
This is because the samples used to estimate the distributions of the disease, exposure and covariate
distributions for an ecological study often are not necessarili the same. Therefore, the measurement
errors that arise from this structure of an ecological study have to be considered separately for the
exposure, disease outcome, and covariates.
    Independent nondifferential misclassification of an exposure indicator will usually result in a bias
that is directed away from the no-effect hypothesis in ecologic studies, while in individual-level
studies the effect is in the opposite direction (6).
    Ecological studies in epidemiology typically deal with cause-specific mortality (and morbidity)
rates rather than total mortality. Therefore, misclassification of disease outcome can be a source of
severe bias. This bias can be considerably greater than the sampling variability of the disease
outcome (a dependent variate in the regression). Imperfect disease specificity (i.e., false positive
rate) induces no bias in the risk difference estimate, but this estimate is biased towards the null
value by imperfect sensitivity. With disease misclassification (due to either imperfect sensitivity of
specificity) the linear regression estimate of risk ratio is biased toward the null (5).
    The most demanding sampling problem in ecological studies is adequate measurement of the
potential confounders. If existing databases are used, then obviously one is limited by the extent of
those information sources. The use of routinely collected health and environmental data will by
necessity restrict confounder control possibilities to those covariates that have been measured.
These variates usually do not include all the relevant covariates for the relationships being studied.
    Most covariates used in ecological regressions are either surrogates or rather crude measures of
the true confounders. The problem is compounded by the need for measurement of the within-
region multivariate (joint) distribution of the covariates; univariate distributions of the covariates or
a confounder score may not suffice to achieve full control of confounding.
    For example, an ecological study was set out in the Czech Republic to test the hypothesis that
atmospheric pollution levels affect infant mortality risk (18). The study permitted only limited
control of confounding. The effects smoking, indoor pollution from heating or cooking, and family



size were not adequately controlled by the adjustments made using the socioeconomic variables for
which data were available. These comprised mean income, mean savings, mean number of persons
per car, proportions of total births outside marriage, and legally induced abortions per 100 live
births. Thus, as acknowledged by the investigators, an unknown amount of residual confounding
was likely.
    One fortunate result regarding ecological estimates is that nondifferential misclassification of a
binary confounder does not reduce the ability to control confounding. Naturally, if, in addition to
the misclassification, there are sampling errors, control of the confounder may be compromised by
these errors (7).

Mis-specification of Model Form
An important issue in the study of ecological data concerns the sensitivity of these analyses to
model specification. Ecological summary rate ratios can be very sensitive to the chosen model form
(11). In contrast, the individual-level effects summarized in terms of rate ratios appear insensitive to
the choice of model structure (8).
    Recall the linear correlation between herbicide use and incidence rate of neural-tube defects
found in New South Wales (16). The 12-year time-series data were depicted as a scatterplot with a
line drawn to indicate the average trend. The investigators were keen to observe that the figure
suggests that linear correlation dissappeared in 1975 and 1976 (Fig. 1). Thus there is reason to
check this observation. The fitted regression line was estimated to be: R=1.76+0.00115T, where R
is rate of neural-tube defects in New South Wales per 1000 births, and T is usage of
trichlorophenocyacetic acid (2,4,5-T acid in equivalent tonnes) in Australia in the previous year. A
nonparametric, smooth regression curve (19) displayed an initial monotonous rise in the incidence
rate which seemed to level off despite the notable increase in the herbicide usage during the last two
years. Another analysis confirmed that a quadratic term for exposure effect was significant with a
negative coefficient in the polynomial regression. Thus the simple linear model would seem to be a
misrepresentation of this ecological time-series.
    The bias of an exposure-disease relation may depend on other aspects of the nature of the data.
For example, even if the ecological regression would be nearly linear, there might be covariates
whose effects awere nonlinear in the individual-level regression (9).
    While most individual-level studies employ some type of exponential or log-linear
(multiplicative) model for the rates, the ecological studies typically use linear (additive) model.
Despite the frequent use of multiple linear-regression models in the analysis of ecological data,
these models are not well suited to modeling disease rates and do not provide a good fit for most
cancer and cardiovascular data sets. The reason for this inadequacy is that the effects of most
ecological regressor variates are likely to be nonlinear and nonadditive over the studied range. For
example, most rates vary so much with age that the rate ratio is almost always more nearly constant
over age spans than rate difference.

Confounding
Failure to identify, measure, or control important covariates of the exposure-disease relation is
known as known as confounding. This problem is shared by cohort and case-referent study designs
as well as all types of ecological designs, but is more serious in ecological studies than in
individual-level studies. This is because ecological bias can be produced by other factors, such as
effect modifiers acting independently of the confounders or tangling with their effects.
    Thus, the conditions for no confounding in ecological studies are logically independent of the
conditions that guarantee no confounding in individual-level studies. If the latter conditions are
mistakenly applied in ecological studies, it can lead to omission of important covariates from the
analysis. As Greenland (3) reminds us, a covariate may be ignorable at the individual level but not
at the ecological level, or vice versa.
    There will be no ecological association of exposure distributions with disease outcome rates
across groups if there are no exposure effects on either disease risk or the distributions of other risk
factors by group. This condition obtains even if within each group exposure levels are associated



with the other risk factors (9).
    Let us recall the study in the Czech Republic that found pollutant-specific associations between
neonatal mortality and measured atmospheric pollution concentrations (18). The number of
geographical districs included in the study was rather large (there were 46). To analyse relatively
homogeneous categories of exposure, the districs were grouped in successive quintiles of each air
pollutant. However, because within-district information on the key covariates such as smoking,
indoor air pollution, and family circumstances was missing, there is no guarantee for no
confounding in this ecological study. Moreover, it is the essential feature of ecological data that the
available information is average over the margings of a multivariate distribution of exposures and
covariates. Thus, it is not even possible to estimate the direction and magnitude of the ecological
bias. Despite these shortcomings, there were other considerations which made the study findings
plausible (i.e., the consistency and magnitude of the adjusted relative risk estimates).

Noncomparable Standardization
There is need for standardization in ecological studies for variates whose distribution is not constant
across population. For example, published disease rates are invariably age-standardized, whereas
published exposure rates are seldom so standardized. Since age is often associated with duration of
exposure, regression of the published disease rates on the published exposure rates is biased, even if
the precision of the rates used in the regression is high. Greenland (3) gives an example, based on
actual data, of the relationship of e smoking to lung cancer that may incorporate this bias. The
United States death rates for lung cancer were age-standardized, whereas smoking information was
based on crude prevalence.

Methodologic recommendations

The following recommendations have been proposed for design and data analysis in ecological
studies (2,3).
    In the design of an ecological study select areas with populations that:

- are homogeneously exposed (i.e., minimize within-area exposure variation);
- represent different extremes of exposure distribution (i.e., maximize between-area exposure
variances)
- are comparable with respect to covariate distributions;
- use smallest sampling units possible for ecological analysis.

In the analysis of ecological data:

- use weighted regression, instead of correlation, with weights proportional to the amount of
information contained
    in each group;
- include in the regression model all variates that are thought to be related to the grouping process;
- examine multiple regression models with different and flexible structural forms beyond the
standard linear form —  such as exponential and product-term models;
- consider the ecological implication of different individual-level model form specifications;
- conduct an influence analysis by examining the effect of deleting from the analysis various areas
with unusual
    outcome, exposure, or covariate combinations;
- conduct a sensitivity analysis of ecological estimates to misclassification;
- take into account latency and induction periods separating causes and effects (e.g., consider the
relevant
    exposures);
- consider the effect of migration on areal exposure estimates; and



- complement ecological analysis by thorough consideration of biases unique to such an analysis,
and to biases
    common to all epidemiological studies.

    Finally, a general suggestion: whenever feasible supplement approximate aggregate data with
accurate data at the individual level in a hybrid epidemiological analysis (20).

Summary

Ecological studies require a methodologic theory distinct from that used in individual-level
epidemiological studies.This article discusses special problems need to be considered when
planning ecological studies or using the end-results of such studies.

Ecological studies are much more sensitive to bias from model mis-specification than are results
from individual-level studies. For example, deviations from linearity in the underlying individual-
level regressions can lead to inability to control confounding in ecological studies, even if no
misclassification is present.

Conditions for confounding differ in individual-level and ecological analyses. For ecological
analyses of means, for example, a covariate will not be a confounder it its mean value in a study
region is not associated with either (i) the mean exposure level across regions, or (ii) the mean
outcome (disease rate) across regions. On the other hand, effect modification across areas can
induce ecological bias even when the number of areas is very large and there is no confounding.

In contrast to individual-level studies, independent and nondifferential misclassification of a
dichotomous exposure usually leads to bias away from the null hypothesis in aggregate data studies.
Failure to standardize disease, exposure, and covariate data for other confounders (not included in
the regression model) can lead to bias.

It should be borne in mind that there is no method available to identify or measure ecological bias.
While this conclusion may sound like a general criticism of ecological studies it is not. It does,
however, serve as a reminder of the problems that need to be considered when one designs,
analyzes, or critically evaluates ecological studies.
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