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SUMMARY

Epidemiologic studies of environmental exposures and their impacts on disease risk are an
important and increasingly applied approach in public health assessment. However, environmental
epidemiology often uses data that have been collected as temporal-spatial and demographic
statistics, and thus are only available for analysis at the level of aggregate information. The need to
conduct aggregate-level studies springs primarily from the difficulty of obtaining high-quality,
individual-level data on environmental exposures and extraneous covariates. This paper discusses
the special characteristics of aggregate data and explains why great care must be exercised when the
links between environment and health are analyzed. Further, this paper recalls ways to select an
appropriate data-analytic method and strategy for epidemiologic studies, and to infer whether
exposure to an environmental risk factor leads to a specific health outcome. Applicable statistical
methods include ecologic analysis, time series analysis, multilevel modeling, and quantiative risk
assessment. Finally, this paper outlines some methodologic requirements for linking environment
and health data.
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1. INTRODUCTION

Public health originally dealt with ecologic relations, linking environmental and community
characteristics to health outcomes (Brockington 1979). Today’s risk factor epidemiology searches
for multiple antecedent determinants that can be linked to disease occurrence without the necessity
of intervening factors (Susser and Susser 1996). This etiologic approach is carried out mainly on
analysis at the individual level. It has been suggested that integrating variations in the health status
of populations to the study of disease in individuals within populations could bring context back
into epidemiology (Diez-Roux 1998). In a multilevel epidemiologic approach, disease patterns are
explained by both individual-level factors (i.e., constitutional and behavioral characteristics) at one
level, and group-level factors (i.e., environmental and social influences affecting populations) at
another level (Goldstein 1995).



   The need to conduct aggregate-level studies originates primarily from the basic difficulty of
obtaining high-quality, individual-level data on environmental exposures and extraneous covariates
(Rothman 1993). Therefore databases used for the analysis of environmental exposures and their
impact on human health often comprise only aggregated datasets concerning spatially defined
populations over a period of time. In these situations, environmental and health assessment has to
rely on suitable methods for grouped data that offer numerous opportunities for analyzing and
displaying existing data at a reasonable cost.

   The objective of statistical analysis is to make inferences from data and to present this information
as concisely and understandably as is consistent with accuracy. The general principles, basic
models, and estimation methods applied in environmental and health analysis are not specific to
epidemiology. Most of the techniques can be applied in any field concerned with probabilities or
risks pertaining to individual subjects/objects or rates in populations/groups (for example,
occupational accident research, evaluation of the effect of community-wide injury prevention
programs, reliability studies in technology). A number of the methodologic issues that arise when
analyzing links between grouped environmental and health data - such as how to map the data, how
to deal with aggregation bias, and how to interpret ecologic relations - call for relatively specialized
applications of some of the techniques. For this reason, the special characteristics of the available
data and the nuances in the application of the statistical methods to be used must be considered both
before and during the study of environmental health consequences in human populations.

   This paper outlines some methodologic guidelines and requirements relevant to the statistical
analysis of aggregated data. The users of statistical procedures should understand the philosophy
and model assumptions underlying the methods, even if they need not know all the details that
allow implementation of the techniques. It is equally important for the users of the methods to
understand that data analysis does not end with the produced statistics. For example, when one is
using routinely collected data in health and hazard surveillance, the analysis process comprises
scientific interpretation and critical evaluation of the results before the observed new relations are
made public. The application of known exposure-disease (or dose-response) relations to new
empirical data can be used as a basis for improved decision-making and policy support. This
approach was adopted, for example, in the “Health and Environment Analysis for Decision-making
- Linkage Analysis and Monitoring” project of the World Health Organization, and applied in six
field studies conducted in selected cities in the developing countries (WHO 1995; Corvalán 1998).

2. DESIGN OF EPIDEMIOLOGIC DATA ANALYSIS AND INFERENCE

Preoccupation with statistics has characterized the overall approach to the principles and methods of
epidemiologic research. The purely scientific objectives of statistical analysis are: to summarize the
data in a concise and informative manner, to compare the observed data with study hypotheses, and
to report and scientifically interpret the findings. All data-analytic methods are based on assumed
statistical models that determined the observations. After having passed the initial quality checks,
the data are first effectively explored using graphical methods, for example. The data are then
converted to meaningful information about their structure. Thorough investigation of environmental
health effects does not necessarily require extensive analyses involving direct attribution of
exposures or numbers at risk. But an exploratory analysis, incorporating existing morbidity or
mortality data, may be useful. For example, a Poisson regression model can be applied to
aggregated (or stratified) data when estimating disease incidence rates or standardized mortality
ratios (Frome and Checkoway 1985).

   Vandenbroucke (1987) has proposed a set of guidelines for combining stratified analysis and
modeling analysis. Greenland (1989) has summarized these as follows: “one should first perform a
series of stratified and modeling analyses involving the same variables, in order to validate model



choices and results against the stratified data; only then should one embark on modeling exercises
that cannot be directly validated against parallel stratified analyses.” To these guidelines, Greenland
adds (1989) “one should always check the assumptions underlying any model or estimation method
used to derive summary statistics.” If either the epidemiologic assumptions implied by the model or
the statistical assumptions required by the model are false, the results cannot be valid. Moreover, if
inferences made on the basis of data analysis are to be sound, the study design itself must be sound.
An epidemiologic study design should not aim solely at anticipating the upshot of the study, but
also at providing practical guidelines on how to obtain maximum information about the exposure-
disease relation of interest. Any statistics derivied from epidemiologic data must therefore allow for
bias, and quantify imprecision. The primary concern in the treatment of these problems should be
the adequacy and appropriateness of the probability model that is being used. In practice, however,
models often ignore some detail of the real-life setting or are so simplistic ¾ in order to make the
model structure manageable ¾ that they become irrelevant and impracticable.

   The definition and number of health outcomes will determine the type of analysis undertaken.
When several health outcome measures are collected for a simultaneous analysis, a multivariate
analysis can be employed. However, analysis can be simplified greatly if the multiple outcomes can
be analyzed separately or as a single combined outcome variate (e.g., a symptom score or some
such health indicator). Multivariate methods, such as principal component analysis, and
multidimensional scaling techniques, can be used to reduce the dimensionality of an outcome
variate that consists of many disease variates of the same kind. For example, several symptoms of a
disease that can only be defined as a complex syndrome may be combined into a quantitative
symptom score by means of factor analysis.

   Different problems call for different strategies in model specification. For example, when a
predictive surveillance problem that is being analyzed by means of a specific sample survey, a
polynomial regression model can be used to predict the health outcomes in an administrative
population. However, many other predicting equations could give equally good results. Choosing
between the different models may therefore simply be a matter of picking the one which is the most
convenient to apply. Statistical inferences about cause and effect relations usually involve
extrapolating from a population sample to populations in general. For such purposes, the model
form and terms are selected on the basis of a priori information about the causal parameters,
statistical properties, and of the knowledge of the subjectmatter.

   Establishing a tentative, empirical exposure-disease relation can easily create the impression that
true scientific perception has been achieved. For example, a log-linear regression analysis of
stratified data revealed a link between work environmental exposure to carbon disulfide and
workers’ raised diastolic blood pressure in the etiology of ischemic heart disease (Nurminen et al.
1982). However, if this study is reviewed without consideration of other studies or other
information, all that was established was that the joint effect of these two risk factors differed from
that of their independent effects. But scientific significance can not be inferred unless a rationale is
provided for the disease mechanism. If no coherent theory yet exists for investigating scientific
question at issue, analysis should seek to preserve a balance between the statistical goodness of the
fitted model and the biological plausibility of the hypothesized causal relation.

   In specific applications (e.g., for creating official statistics), regression analysis may make use of
data collected for units which form a natural grouping of a population into strata. Examples of
natural grouping include geographical areas or administrative districts. Time also forms a natural
grouping, and time series can be constructed from a sequence of cross-sectional surveys. Often,
however, the grouping is not natural in the sense that it does not cover the whole population. Thus a
major problem for statistical inference in aggregate data surveys arises from the fact that often
ordinary regression analysis is performed on a nonrepresentative sample of an unnatural population
grouping (Pfeffermann and Smith 1985). Also, selection effects may mean that the results of a



regression analysis performed with standard analysis software (assuming simple random sampling)
cannot be generalized to the inferential target population. Instead, appropriate software products for
the analysis of complex surveys should be employed (see, e.g., Lehtonen and Pahkinen 1995).

   When analyzing data from grouped populations, the parameters that are the targets of inference
must be stated precisely, in particular, whether the aim of the analysis is to investigate relations
across the whole population, or relations between the groups, or relations within groups (Steel and
Holt 1996). Multi-group ecologic analyses address mean aggregate relations between groups or
across the whole population; but, aggregate data studies can also use group means in an attempt to
study within-group (individual-level) relations.

    It may be feasible to supplement aggregated data with sampled data at the individual level in a
hybrid epidemiologic design (Prentice and Sheppard 1995; Sheppard et al. 1996). Aggregate data
studies which combine age- and sex-specific disease rates (often publicly available) with
corresponding comprehensive exposure and covariate data on random subsamples of modest size
from each population in a multi-population study, can produce unbiased risk ratio estimates. The
sample averages tend to be little affected by distortion by random measurement errors, so that the
aggregate data analysis will be robust against measurement error of exposure and covariates. Thus
the aggregate data method proposed by Prentice and Sheppard (1995) may be a cost-effective
alternative to the study of entire cohorts. As an example, a recent ecologic study linking the
prevalence of adult asthma symptoms (national survey) with climatic conditions (national database)
in the 93 New Zealand general electorates used a special-purpose survey to supplement the study
with data on geographic covariates (Hales et al. 1998). Estimates of the distributions of covariates
within population groups that modified and/or confounded the association between exposure and
disease were then incorporated into the regression analysis.

   Health behaviors and outcomes depend not only on individual characteristics (age, gender,
acquired habits, etc.) but also on the setting, the “ecology”, the surrounding environment in which
individuals live and work (Von Korf et al. 1992). Starting from this perspective, a multilevel
modeling allows for the simultaneous analysis of the circumstances of individuals at one level, and
the contexts or ecologies in which they are located at another level (Jones and Duncan 1995).
Within this framework, the key consideration is whether the analysis can distinguish between the
observed group differences resulting from the individual characteristics (micro-level), and those
resulting from the physical environmental characteristics of an area, societal structures related to
health, and mobility of people (macro-level). Multilevel analytic studies have been applied in
epidemiology as a hyprid design that uses individual data on exposures, health outcomes and
covariates; but additional exposure data on the groups can be incorporated into the model in a two-
stage analysis (Navidi et al. 1994).

   We stated above that the final objective of data analysis is to produce quantitative summaries of
evidence yielded by the data with respect to the exposure-disease relation of interest. However, the
results of statistical inference should not be regarded as conclusions. But when these results are
combined with prior information about the occurrence relation obtained from other studies, the
acquired knowledge can be used as a basis for scientific inference and for decision-making
purposes. In general terms scientific inference can be considered to constitute a mental feedback
from the experience or data at hand, supplemented with all other relevant information culled from
the literature, to the scientific problem in focus. Scientific inference thus, incorporates a certain
degree of subjectivity. Statistical analysis may also have an administrative objective of guiding
practical action in circumstances of uncertainty, but it is not the only element in the decision-
making process. A decision analysis requires, in addition to the statistical summary, that one
quantifies the costs and benefits associated with each possible decision. This quantification may
involve personal judgements. Greenland and Robins (1991) maintain that “a large portion of
epidemiologic research takes place to serve policy needs, and that there is no sharp boundary



between scientific and policy-oriented studies: A study may be of only scientific interest to some
parties, but of great policy interest to others.”

    For example, Susser (1977) has questioned the bias toward scepticism in using conventional
procedures of inference: “Much statistical strategy aims to avoid false positives, inferences that give
credence to causality where none exists.” Indeed, avoidance of falsely negative or non-positive
results has been largely overlooked in epidemiology. However, this issue is of great interest to those
who are the subject of an epidemiologic study, for example, the workers exposed to an occupational
hazard. Some investigators argue that there is a bias against publishing negative studies, and feel
that they have an obligation to make weak results public or to inform the health officials who decide
what actions should be taken on the basis of the evidence. Despite imperfect knowledge,
epidemiologists sometimes justify making causal inferences on the grounds that the exigencies of
public health problems demand action (Rothman 1986, p. 17). The argument for publishing weak
results is that any real effect may be stronger than the reported one. Although the weighing of
scientific opinion against public perception can be a delicate matter, much of the difficulty stems
from a widespread failure to understand the nature of risk and uncertainty. Thus, it is critically
important that epidemiologists present their statistical results in an understandable form. Yet,
however cautiously an epidemiologist may report his/her findings, once the information is
publicized, there is danger that the tentative suggestion is interpreted as a fact. Therefore, the search
for subtle links between environmental exposure and disease needs new developments in the
methodologic tools of epidemiology. For a discussion of the limitations of epidemiology as a
determinant of policy, see a report in Science (Taubes 1995).

3. REQUIREMENTS FOR LINKING ENVIRONMENT AND HEALTH DATA

As already mentioned, the paradigm for environmental health risk assessment adopted in the WHO
(1985) project is based on a priori knowledge. The aim is to use scientifically derived relations to
predict the impact of changes in environmental exposures on health outcomes, particularly in
spatio-temporal settings. Research to identify and test new exposure-disease relations is a separate,
although related activity. However, previous research has not always been conducted methodically,
and it is not uncommon that risk assessors have reached different estimates and conflicting
conclusions, and presented diverging recommendations. Careful judgement is thus needed when
inferring, on the basis of previous studies or existing data, that an environmental or occupational
hazard leads to a specific health outcome. Nevertheless, methods for environmental and health
analysis can be valuable in situations in which individual-level studies have not been conducted,
and there is need for rapid acquisition of information on the type and extent of health risks
associated with local environmental exposures.

   The linkage of environmental and health data offers potential benefits, but also poses many
drawbacks if not carried out carefully. In linking the data it is all too easy to overlook the statistical
weaknesses and inconsistencies of the different datasets, or to misinterpret their apparent relations.
Valid linkage thus relies on the use of both good data and appropriate analytic methods. The
methods for environment and health analysis should be designed both to control for extraneous
determinants and to account for changes in the underlying population structure. Because linkages
are often conducted using data spanning relatively long time periods, they should also account for
artefactual changes resulting from changes in exposure monitoring methods, or in disease
classification.

   The first requirement for valid inferences when one is undertaking statistical analysis is to ensure
that the collected data are of high quality. Differences among datasets that have been constructed
from publicly available databases may have arisen, for example, due to variation in procedures for
the selection of data items and in methods for handling missing data. However, in environmental



epidemiology, considerable natural variation in the data may be expected, even for data relating to
short timeperiods and distances (for example, in exposure measurements). Such variation is an
intrinsic part of the environment-health system, and must be retained. Conversely, sampling and
measurement errors must be identified, and either eliminated or assessed and controlled for. This
may present major problems since the genealogy and quality of the data used in environment and
health analysis are often unknown (Briggs 1995).

   If methods are to be suitable for linking aggregated environmental and health data, they must
meet two criteria. First, they must be simple, inexpensive to implement and operable with the
available data, thus allowing rapid assessment. Second, they must produce statistically valid and
scientifically credible results if they are to be used as a basis for action. This means that they should
be unbiased and sensitive to the variations in the data at hand. Ideally, they should yield results that
agree with those that would be obtained from individual-level studies, for which the statistical
precision can be quantified in more detail.

   Although one of the premises in health and hazard surveillance is that existing data should be
used when possible, this should not be seen as a justification for using inappropriate or invalid data.
Typically, the use of erroneous data leads to further propagation of error, and even sophisticated
and innovative statistical analysis cannot compensate for intrinsically poor data. At best, the results
are uncertain, and allow no conclusions to be drawn. Moreover, even if the investigators discuss the
limitations of the data when presenting their results to the scientific community, they may not
always take these into account when making their policy recommendations. Data known to be
faulty should therefore be rejected; data of uncertain quality should be evaluated carefully and then
rejected if they cannot be validated adequately.

   Many countries do not carry out detailed environmental monitoring, and therefore, for example,
data on environmental pollution concentrations are unavailable or not readily available. Even in
countries that operate monitoring programs, exposure data are not necessarily accurate, sufficiently
complete, or representative of human exposure. In the absence of environmental data, modeling the
dispersion of pollutant emissions may be used to estimate human exposure. In many instances,
however, ambient conditions may not be well defined in terms of constituent pollutants or
concentrations. As a result, exposure can need to be assessed qualitatively by comparing exposed
populations to non-exposed ones. If these requirements could be met satisfactorily in practice,
individual-level studies would be unnecessary. But even if the applied methods do not satisfy all
these criteria, they may still be valuable.

   Although register-linkage studies based on individual records and use of a personal identification
code are possible, as is the case in the Nordic countries, environmental and health data linkage in
many countries is often carried out on an aggregate basis. Ecologic analysis has been widely used in
environmental epidemiology, mostly because it is relatively simple to perform, especially with the
aggregated databases that are now available. For reasons of logistics and cost it may also be the
only approach feasible in situations where large population studies are required. However,
databases created through the linkage of environment and health data from separate sources of
information are generally not comparable, and the correlation between observations within the
ecologic groups must be taken into account when analyzing the data. It is also increasingly
recognized that group-level associations are not necessarily consistent with those measured at the
individual level (Greenland 1992). Ecologic studies are subject to unique biases not present in
individual-level studies. The various sources of bias in ecologic data derive from linkage failures, in
other words, an ecologic study does not connect individual disease events to individual exposure or
covariate data. Aggregation bias occurs when data are aggregated ignoring the subgroups of data
from which the individual observations came. In addition to sampling error, ecologic 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. Moreover, confounding is



more perplexing in ecologic studies than in individual-level studies. This problem arises from the
fact that aggregation bias (i.e., the failure of aggregate-level association to properly reflect
individual-level associations) can be produced by other factors, such as effect modifiers acting
independently of the confounders or tangling with their effects (Greenland 1992). The primary
strategy for preventing bias in ecologic studies, as in all epidemiologic studies, must be the design
of a valid study. If bias persists, there are limited statistical methods that may reduce, but will not
completely eliminate, the bias in every instance.

   New analytic methods are therefore required for investigating aggregated data. A key point is that
the statistical model underpinning the analysis should allow for the effects of the group structure.
As Steel and Holt (1996) state, “the differences between unit and group level analyses may be
explained through a model which incorporates the effect of variables which characterize to which
areal units individuals belong, together with area level characteristics which produce correlations
between individuals in the same areal unit or group.” This type of multilevel modeling is not a small
routine task. It raises many methodologic issues, including the need to select the appropriate
ecologic or contextual variates to develop models of disease causation that integrate individual-level
and group-level determinants (Diez-Roux 1998). Multilevel modeling or hierarchical regression
holds much promise for epidemiologic analysis (Greenland 1994), but has thus far seen only limited
application because of the lack of easily used software (Witte et al. 1998). In future, a multilevel
“ecoepidemiology” has the potential to combine the strengths of a macro-level (global)
epidemiology based on information systems on one side, and a micro-level (molecular)
epidemiology on the other (Susser 1998).

   Time series analysis looks at the relation between observations recorded at consecutive, usually
equally spaced discrete time points. While time series analysis is also a regression method, it
predicts the health outcome variate, not from independent covariates, but from the values of the
outcome at previous points in time. The minimal requirements for time series analysis are: the
ability to have a sufficient number of qualified data points, to plot the temporal series, to derive new
series (e.g. differenced series or smoothed series) and to plot these, to examine scatter plots of time-
lagged values, to compute serial correlations and periodograms, and to display these graphically.
Approaches to time series analysis that are applicable to environmental epidemiology studies
include: Poisson autoregression analysis using generalized estimating equations (Liang and Zeger
1986); Markov models using quasi-likelihood estimation (Zeger and Qaqish 1988); Poisson
regression model with overdispersion and measurement error (Tango et al. 1994); and
nonparametric Poisson regression (Hastie and Tibshirani 1990).

   Until recently, temporal studies using aggregated data were not often applied in environmental
epidemiology. This may have resulted from the complexity of the classical statistical methods used
to analyze time series data. Yet, analysis of time trends is an important component of the
environment and health assessment process, although the critical periods for exposure when linking
longitudinal measurements of exposure to subsequent health outcomes must be taken into account.
Multivariate analysis of different temporal patterns of exposure can also be informative, for
example, regarding autocorrelations in the time series (Hatch and Thomas 1993).

   Important methodologic issues concern the confounding and multicollinearity of multiple
exposures. In air pollution epidemiology, increased mortality resulting from high levels of
particulate matter less than 10 mm in aerodynamic diameter (PM10), for example, has also been
associated with increasing levels of sulphur dioxide (SO2). If these two measures are highly
correlated, only one variate would remain statistically significant when modeling the contribution of
both. However, when modeled separately, they may both show significant associations with
mortality, and it would be erroneous to make separate estimates for each. This would result in an
exaggerated number of deaths. Thus, modeling for multiple correlated exposures requires
methodologic rigor. As an illustration, Schwartz and Dockery (1992) conducted a time trend



ecologic study of air pollution and mortality in Philadelphia during the years 1973-1980. They used
the Poisson regression model to study the effect of total suspended particles (TSP) and SO2 on daily
mortality counts. Both TSP and SO2 were associated with total mortality when entered separately
into the model that also included the variates "weather" and "season" as potential confounders.
However, in the multivariate model that included both pollution measures, the effect of TSP
changed little from the univariate model, but the effect of SO2 was halved. In a reanalysis of the
Philadelphia data, Moolgavkar et al. (1995) found that the pollution measures TSP, SO2, and ozone
(O3), were positively associated with total mortality, but they concluded that the correlations
between these measures preclude the designation of a single component of the pollution mixture as
the cause of mortality. A third analysis of the Philadelphia data for the period 1973-1990 was
carried out by Li and Roth (1995). After comparing an array of models, the investigators concluded
that the association of pollution variates was highly dependent on model specification, and that no
single model could be selected as final. In a subsequent debate the first two teams of investigators
exchanged views on how the issues of confounding by copollutants and long-term time trends
should be approached (Dockery and Swartz 1995; Moolgavkar et al. 1996; Dockery and Swartz
1996; Moolgavkar 1996). Two alternative methods were suggested: restriction of the study base to
areas with very low concentrations of the posited confounding pollutants; and multivariate
modeling that is parcimonious and reflective of the underlying biological mechanisms. In either
case, small risk ratios are difficult to interpret, particularly when residual confounding is a real
concern.

   When specific information on pollutants is available, quantitative risk assessment techniques can
be used to estimate the health impact of changes in environmental exposures on different
populations without having to conduct substantive new research. Data are required on exposures,
together with estimates of the populations exposed, and of the health effects caused by the exposure
in the form of a dose-response function. Given that such information is often lacking, quantitative
risk assessment has limited applicability and utility. In many contexts, quantitative risk assessment
can only be undertaken by extrapolating the available study results from one country to another.
Because the range of exposure levels and the distribution of covariates may differ substantially
between populations, the validity of this approach is at risk. Moreover, even when it is applied, the
quantitative risk assessment process involves limitations of exposure data, many assumptions, and
subjective choices that need to be considered when using this approach to seek for guidance on
health policy or preventive action (see, e.g., Nurminen et al. 1992). In view of these uncertainties,
we suggest that the provision of estimates of individual risk and disease burden in a population be
accompanied by the corresponding estimates of precision; risks should be presented in a sufficiently
disaggregated form so that population heterogeneities are not lost in the data aggregation; and
different exposure scenarios and risk prediction models should be applied methodologies
(Nurminen et al. 1999).

   At present no generally accepted and standardized formats exist for presenting the results of
environmental health analysis. This is understandable because of the many different methods
available for analyzing aggregated data. Standardization of methods is sensible insofar as it is aimed
at comparability. The diversity of the analytic techniques so far applied, for example, in time series
studies investigating the adverse health effects of air pollution, has hindered direct between-study
comparison and the drawing of definite conclusions. The joint European project involving ten
countries has attempted to develop and standardize the methodology used to analyze data collected
from 15 cities representing various social, environmental and air pollution situations (Katsouyanni
et al. 1995). In California and a few other states in the U.S.A., for example, risk assessment
methods have been standardized so that they can be applied rapidly and inexpensively. But in such
situations many other scientific problems may arise, since not all the relevant data will be included
in the analysis (Paustenbach 1995). Moreover, a standardized plan for the analysis of environmental
and health data is commonly unfeasible and unnecessary. It may be unfeasible if the particular



methods used for environment and health analysis depend on the data themselves, and unnecessary
if the study does not aim at a meta-analysis with a strict requirement for comparable methodologies.

4. CONCLUSIONS

Despite its limitations, aggregate data analysis may be the only feasible approach to estimating
health outcomes of environmental exposures, for example, in regions where health monitoring is
not undertaken, or in situations in which the data quality is poor, or for obtaining crude estimates of
health impacts among very large populations. Many researchers are also faced with the problem of
wishing to investigate individual-level relations, but having to use aggregate-level data, because of
confidentiality or other restrictions on the availability of individual data. The application of ecologic
analysis, multilevel modeling, time series analysis, and quantitative risk assessment, as well as the
development of new study designs and methods for data analysis are therefore important research
needs in environmental epidemiology.
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