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PREFACE

The Health and Environment Analysis for Decision-making (HEADLAMP)
project is aimed at improving information support for environmental health
policies, and at making information on the local and national heaith mmpacts of
environmental hazards available to decision-makers, environmental health
professionals and the community. It combines methodologies in environmental
epidemiology, human exposure assessment and environment sciences to produce
data, analyze them and convert them into information that can be understood,
interpreted and acted upon by those responsible for environmental health
protection, Important elements are methods for linkage of health and environment
data, the use of environmental health indicators to guantify and monitor the local
situation, and the interpretation and translation of resulting information into the
decision-making process.

The first HEADLAMP report, entitled “Linkage methods for environment and
health analysis — General guidelines”, addresses these issues in general terms.
The present "Technical guidelines" are 2 companion volume and describe in detail
methods and tools for joint health-and-environment analysis. These methods and
field applications were also introduced in a special issue of the World Health
Statistics Quarterly (48;1995). As described in the General guidelines, data used
for linkage analysis under the HEADLAMP paradigm are derived from routine
monitoring, supplemented where necessary with data from purpose-designed
rapid surveys. Because routine data is not often available at the individual level,
particularly for environmental exposure measurements, linkage analysis relies on
methods and tools for analysing grouped data, Therefore, this book is aimed at
environmental epidemiologists and biostatisticians involved in data analysis and is
also meant as a teaching tool for epidemiological methods at the aggregate level,

The authors gratefully acknowledge the comments and suggestions of severat
reviewers of these Technical guidelines. These include M. Conomos, C. Dora,
T. Fletcher, H.IN.B. Gopalan, S. Greenland, K. Katsouyanni, T.Kjellstrom,
M. Krzyzanowski, B, Nussbaum, P. Quenel, M. Salinas and J. Songsore. We are
also grateful to the Finnish Work Environment Fund for supporting the
publication of this book with a grant that made it possible for M. Nurminen to be
on leave from his work at the Finnish Institute of Occupational Health (FIOH),
Helsinki, during the final writing of the book in the spring of 1997. We thank as
well T. Kaustia, English langnage editor at the FIOH. and alse J. Johnson and
K. Kellner for the preparation of the layout of this report.
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Statistical Issues in Linkage Analysis
of Grouped Environment and
Health Data

M. Nurminen® & T. Nurminen®

1. INTRODUCTION

The approach adopted in the Health and Environment Analysis for Decision-
making — Linkage Analysis and Monitoring Project (HEADLAMP) (WHO,
1995), involves the application of known exposure-disease relationships to new
empirical data, as a basis for improved decision-mmeking and policy support. The
environment and health data used for Jinkage amalysis often comprise
aggregated series of data collected from spatially defined populations over a
long period of time, Linkage analysis, in common with environmental
epidemiology, therefore, relies on methods for analysing grouped data. Many
applicable statistical methods are available. In Chapters 2, 3, and 4, three of
these are discussed under the headings of ecolegical analysis, time series
analysis, and health risk analysis. In Chapter 5. geographical information
systems — an Important tool for manipulating spatial data and hence useful for
linkage analysis —— are discussed. When combined, these methods and tools
offer numerous opportunities for analysing and displaying existing data at a
reasonable cost.

The objective of statistical anafvsis is to provide the empirical basis for making
inferences about causality and the projected impact of public health
interventions.  Analyses should provide information in as concise and
understandable a form as is consistent with accuracy. A wide range of statistical
techniques are available for this purpose; the general principles, basic models
and methods applied in linkage analysis are not specific to the approach, nor to
environmental epidemiology. Most of the techniques can be applied in any field
concerned with probabilities or risks pertaining to individual subjects/objects or
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rates in populations/groups (e.g. occupational accident rescarch, evaluation of
the effect of community-wide injury prevention programmes, reliability studies
in technology). However, a number of the methodological issues that arise when
analysing linkages between envirommental and health data — such as how to
deal with aggregation bias, how to map the data, and how to analyse the
relationships involved — call for relatively specialised applications of some of
these techniques. The need to conduct aggregate-level studies originates
primarily from the basic difficulty of obtaining high-quality data on
environmental exposures and extraneous covariates (Rothman, 1993). 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 chapter briefly outlines methodological considerations relevant to
statistical analysis of aggregated data. Chapters 2 to 5 follow the general
guidelines to the methods and tools that can be used to monitor exposure 1o
environmental pollutants and to quantify their effects on human health, given in
Briggs, Corvaldn & Nurminen (1996), but the presentation is more technical in
nature. 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. )t is equally important for
the users of linkage methods to understand that data analysis does not end with
the produced statistics, The analysis process comprises scientific interpretation
and critical evaluation of the study results. The following sections focus on the
application of statistical methods, with particular reference to the objectives of
the HEADLAMP project.

Computational considerations depend greatly on the computer programs and
procedures available (see Appendix): these are different in different institutions.
No guidelines on computing therefore are given in this chapter. Instead, as
examples, reference is made to the books on statistical analysis using GLIM
(Aitkin et al., 1989; Crawley, 1993) and S-PLUS (Venables and Ripley, 1994).

Data characteristics and statistical issues must be considered both
before, and during, any linkage analysis, to-énsure that'the data are
in an analysable form, that appropriate statistical techniques are
applied, and the results are interpreted correctly,
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2. DATA CHARACTERISTICS: QUALITY, STRUCTURE
AND QUANTITY

The first requirement for valid inferences when one is undertaking statistical
analysis 1s to ensure that the data that have been collected are of high quality.
Before the analysis begins, preliminary checks of data qualirv should be carried
out, for example, for:

* logical inconsistencies and anomalies in the data, or for data which are not
consistent with prior information

e potential errors, indicated by outliers in the data (e.g. small groups of
discrepant observations)

e  multcellinearity (e.z. strongly correlated pollution variables)

= measurement bias (e.g. as shown by consistent differences between results
from different areas or studies: where appropriate these may be the subject
of a specific methodological validation study)

« sampling bias (e.g. due to spalial non-representativeness in the sample
design)

e data fruncation (e.g. due to detection limits in pollution measurements)

s missing data, including non-recorded events which have been omitted at the
reporting stage.

When these data quality issues are being considered, care must be taken to
distinguish between true variation in the data relevant to the analysis, and
sampling or measurement error. Differences among datasets that have been
constructed from publiciy available databases may have arisen, for example, due
to varfation 1n procedures for the selection of data items and metheds for
handling missing data. [n many cases, considerable variation inherent to the data
being measured may be expected, even for data relating to short time-periods
and distances (e.g. fluctnations in ambient pollutant concentrations at a fixed
monitering station resulting from shifting wind patterns). 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 linkage analysis are often
unknown.

Thus, although one of HEADLAMP’s premises 1s that existing data should be
used whenever possible, this should not be seen as a justification for using
inappropriate or invalid data. Rarely are such data worthy of analysis. Typically,
use of erroneous data leads to further propagation of error. Even sophisticated
and innovative statistical analysis cannot compensate for intrinsically poor data.
Moreover, even if the investigators discuss the limitations of the data when
presenting their results to the scientific community, they may not always take
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these into account when making their policy recommendations, At worst, results
based on poor data lead to false inferences and the development of misguided
policy decisions. 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 envirormental monitoring, and
therefore data on environmental pollution concentrations are unavailable or not
readily available. Accordingly, thorough checks of the quality of exposure data
may not be possible. Even in countries that operate monitoring programmes,
exposure data are not necessarily accurate, sufficiently complete, or
representative of human exposure. In the absence of environmental data,
modelling 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 may need to be assessed qualitatively. (Brantly et al., 1993.)

When existing data are used for the assessment of environmental health effects,
it is important to know how the data have been gathered. The following issues
should be considered in the assessment of health effects (Brantly et al., 1993):

e [fa passive surveillance system of health effects has been used to collect
incoming data, the system generally suffers from substantial underreporting
of cases.

» The definitions used to identify cases should be used consistently by all
reporting units, and case confirmation should be carried out to ensure that
cases have not been misclassified as non-cases or vice versa.

o Differential reporting rates may exist because some areas report more
comprehensively than others. Factors responsible for bias such as cost,
staffing, or vested interests, shounld be investigated.

e [ lags occur in the reporting of health outcomes, the timeliness of the data
may not reflect recent trends.

In-depth discussions of relevant data quality issues can be found in papers
describing the HEADLAMP field studies (WHO, 1995).
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Data structyre and data quantily are essential elements of any statistical
analysis. In linkage analysis, the units of observalion — individuals or
ecological groups (e.g. populations of certain regions) — must he determined.
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,
the statistical data linkage in ecological studies is carried out on aggregates of
individuals. In such situations, databases created through the linkage of
environmental and health data from separate sources of information are
generally not comparable The correlativeness of observations within the
ecological groups must also be taken into account when analysing the data. If
based on routine data sources, the ecological approach pernuts the study of large
populations. However, it is namely the total observed number of disease events
and the size of special-purpose sample surveys used to estimate the distributions
within population groups that determine the amount of information contained in
an ecological study. Thus, special issues of ecclogical analysis exist, and these
are discussed in detail in Chapter 2.

Poor-quality data on health or the environment do not merit detailed
analysis and may result in false inferences and misguided policy
decisions

3. PHASES AND TYPES OF DATA ANALYSIS

The four sequential phases of data analysis may be taken as (cf. Cox and Snell,

19817

. initial data screening and quality control (i.e. checks but not unwarranted
changes)

2. preliminary analysis {(graphs, bivariate distributions, and other data
displays)

3. detailed analysis (e.g. mulliway stratified analysis and multivariate
modelling)

4. performance of statistical inference (e.g. codification of uncertainty by
calculating confidence intervals).

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 exploved using graphical methods, for example. The

data are then converted to meaningful information about their structure,
Thorough investigation of envirommental health effects does not necessarily

]
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require extensive analyses involving direct attribution of exposures or numbers
at risk. But a first-level exploratory analysis, incorporating existing morbidity or
mortality data may be useful. For example, a Poisson regression model can be
applied to aggregated stratified data when estimating disease incidence rates or
standardised mortality ratios (Frome and Checkoway, 1985). Poisson regression
can also be used to model community disease clusters (Flanharan et al., 1990).

Vandenbroucke (1987) has proposed a set of guidelines for combining stratified
analysis and modelling. Greenland (1989) has summarised these as follows: *
one should first perform a series of stratified and modelling analyses involving
the same variables, in order to validate model choices and results against the
stratified data; only then should one embark on modelling exercises that cannot
be directly validated against parallel stratified analyses.” To these guidelines,
Greenland adds ... one should always check the assumptions underlying any
model or estimation method used to derive summary statistics.” If either the
epidemiological assumptions implied by the model or the statistical assumptions
required by the model are false, the results cannot be valid. The carrying out of
statistical mference, without the checking of assumptions, has been termed rote
data analysis (Cleveland, 1993). Moreover, if inferences made on the basis of
data analysis are to be sound, the study design itself must be sound. An
epidemiological study design should not aim solely at quantifying information,
but also at providing guidelines on how to obtain maximum information about
the exposure-disease relationship of interest (see, e.g., Nurtminen, 1982). Any
summary of epidemiological evidence 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 (in order to make the model structure manageable)
that they become irrelevant and impracticable.

The final objective of data analysis is to produce quantitative summaries of
evidence provided by the data with respect to the exposure-disease relationship
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 relation obtained from other studies, the acquired knowledge can be
used as a basis for scientific inference and for decision-making purposes.

Before using . a statistical model to estimate the effect of
environmental expasures on health, the assumptions irmplied by the
model should be validated with reference to the observed data and
prior information culled from the literature. '
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The types of data analysis selected will depend on the intended application of
the results. The distinguishing features of the different types of data analysis
should be viewed as complementary and may be summarised as follows (ef. Cox
and Snell, 1981);

= sampling from defined (finite} population or extrapolating from a sample to
populations In general

o descriptive or predictive/causal analysis using methods based on probability
models

e univariate or muitivariate analysis

+ antomatic model building (e.g. via a siep-wise procedure) or interactive
strategy (taking into account Dboth statistical considerations and type of
subject matter)

* use of graphical visualisation or numerical techniques.

The definition and number of health oulcomes will determine the type of
analysis undertaken. When several health outcome measures are collected for a
simultaneous analysis, a multivariale analysis can be employed. However,
analysis can be simplified greatly if the multiple outcomes can be analysed
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 cutcome 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. It should be borne in mind that the expression
‘multivariate analysis® is often used rather loosely to denote any analysis of data
which are multivariate in the sense that the values of multiple variates apply to
gach member of the population studied (Marriott, 1990),

Ditferent problems call for different strategies in the selection of model variates.
For example, when a predictive surveillance problem that is being analysed by
means of a specific sample survey, a polynomial regression model may be used
to predict the health outcomes in an administrative population. However, many
other predicting equations could give equally good results. Choosing between
the various models might therefore simply be a marter of picking the one which
is the most convenient to apply. Statistical inferences about cause and effect
relationships usually involve exrrapolating from a population sample to
populations in general. In such situations. the model terms are selected on the
basis of a priori information about the causal parameters, statistical properties,
and of the subject-matter knowledge.
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Establishing a tentative empirical exposure-disease relationship can easily create
the impression that true scientific perception has been achieved. For example, a
log-linear analysis of stratified data, with the strata defined by population
subgroup, revealed a link (or interaction) between occupational exposure to
carbon disulphide and raised diastolic blood pressure in the aetiology of
coronary heart disease (Nurminen et al., 1982). However, if this study is
reviewed independently of other studies or other information, all that was
established was that the combined effect of these two risk factors differed from
that of their separate effects. In other words, a term representing the
interdependence of the two factors was needed in the linear function to describe
the logarithm of the expected number of outcome events, under the best fitting
model. But scientific relevance may not be inferred unless a rationale is
provided for the biological mechanism. If no coherent model vet exists for
investigation of the issue in question, analysis should seek to preserve a balance
between statistical goodness-of-fit and biological plausibility of the
hypothesised causal relationship.

Regression analysis may make use of data collected for units which form a
patural grouping of a population into strata. Examples of natural grouping
include administrative districts or geographical areas. 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 otrdinary 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 applied to the target population.
Instead, appropriate software products for analysis of complex surveys should
be employed (see, e.g., Lehtonen and Pahkinen, 1995).

‘When grouping of a finite }iopulafion isa part of the sampling design
of a complex survey, the grouping needs to be accounted for in the
regression model used as the basis for statistical inference. -

When analysing data from grouped populations, the parameters that are the
targets of inference must be stated precisely irrespective of whether the aim is to
investigate relations across the whole studied population, or within group
relations, or relations purely between the grouped populations {mean agpregate
relations). For the purposes of linkage analysis, it is relevant to estimate
parameters referring to the whole population. If this ‘marginal’ approach (Steel

-8-
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and Holt, 1996) is adopted, statistical inference is made from data aggregated to
the group level before analysis, in contrast to analytical epidemiology, in which
risk. is studied in groups formed a posteriori (e.g. by stratification) from data
collected and analysed at an individual level.

Moreover, health outcomes depend not only on individual characteristics (age,
gender, social class, etc.) but also on the setting, the *ecology’, the surrounding
environment in which individuals live and work. Starting from this perspective,
multilevel modelling allows for the simultaneous analysis of individuals and
their ecologies. Within this framework, the key consideration is whether the
analysis can distinguish between the observed group differences resulting from
the individual characteristics at one level, and those resulting from the physical
environunental characteristics of an area, societal structures related to health, and
mobility of people at another level (Jones and Duncarn, 1993).

In data analysis, the notion of a “sufficient” statistic is central. The idea is that a
concise set of observations can distil all the necessary information contained in
the database for inference about the parameter of interest. When analysing
stratified data, statistics based on aggregate data may yield imformation that is as
concise and sufficient as that derived from statistics based on individual
observations. The difficulty of assessing the sufficiency of a statistic lies in the
fact that it depends on details of the adopted probability model. Consider, for
instance, a group of individuals for whom the probability of the occurrence of
illness (or risk) depends on a fixed exposure guantity. Suppose that the
realisation of risk is modelled using logistic regression analysis. It has been
shown (e.g., Cox and Hinckley, 1978) that to make an inference about the
exposure-disease relationship (inferred from the regression slope) it is sufficient
to study the distribution of the cumulative exposure of those persons who
contracted the illness. Further, this can be carried out conditionally, on the
observed value of the total number of persons with the illness. Thus, in this
particular case, the logistic regression model that was adopted for individual-
level data is also suitable for the analysis of aggregate darta.

Preoccupation with statistics has characterised the overall approach to the
principies and methods of epidemiological research. The purely scientific
objectives of statistical analysis are: to summarise the data in a concise and
informative manner; to compare the observed data with study hypotheses; and to
report and scientifically interpret the findings. In general terms scientific
inference can be considered to constitute a meatal feedback from the experience
(or data) at hand, supplemented with all other relevant information, 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 quantifiss the costs and benefits

-G
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associated with each possible decision. This quantification may involve personal
judgements. Greenland and Robins (1991) maintain ‘that a large portion of
epidemiological 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 epidemiological 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 some epidemiologists justify 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. Whilst 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 publicised, 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
methodological tools of epidemiology. For a discussion of the limitations of
epidemiology as a determinant of policy, see a report in Science (Taubes, 1995).

4. METHODOLOGICAL REQUIREMENTS IN LINKAGE
ANALYSIS

As already mentioned, the environmental health risk assessment component of
the HEADLAMP project is based on a priori knowledge. The aim is to use
scientifically derived relationships to predict the impact of changes in exposures
on health outcomes in particular spatial-temporal settings. Research to identify
and test new exposure-disease (or dose-response) relationships is a separate,
although related activity. However, previous research has not always been
conducted methodically, and researchers have sometimes reached different and
conflicting conclusions. Careful judgement is thus needed when concluding, on
the basis of previous studies or existing data, that an environmental or
occupational risk leads to a specific health outcome. Linkage methods may also

10 -
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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 hazards associated with specific environmental exposures.
Accordingly, in Chapters 2 to 4, many of the examples of the application of
methods for analysing aggregated data have been taken from exploratory
studies in which the exposure-disease relationship is postulated or newly
identified.

The linkage of envirommental and health data offers potential benefits, but also
poses many risks if not carried out carefully. In the linking of data, it is all too
easy to overlook the statistical weaknesses and inconsistencies of the different
data sets, or to misinterpret their apparent relationships. Valid linkage thus relies
on the use of both good data and appropriate analytical methods. The linkage
methods should be designed both to control for extraneons 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.

Consider, for example, small-area methods used to investigate the health effects
of environmental pollution. In the United Kingdom, the postcoding of routine
health data and the availability of small-area census statistics have made
possible the analysis of disease rates with very fine geographical resolution
(Wilkinson, 1996). However, important issues of interpretation need to be
considered. These include the reliability of routine data in small areas, the
effects of population migration, the limited availability of exposure data, and
potential confounding factors

If methods are to be suitable for linking envirommental and health data, they
must meet two criteria. First, they must be simple. inexpensive to implement and
operable with 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

If these requurements 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. The reliability of ecological studies, for
example, may be jeopardised by linkage failures, bur these studies are
nevertheless useful if the possible biases can be identified and their effects
reduced. The main opportunity for preventing bias in ecological studies, as in
epidemiological studies in general, lies in the study design. Thereafter limited
statistical methods are the only means available for reducing the effects of bias.

-11-



HEADLAMP — TECHNICAL GUIDELINES

These methods include influence analysis, sensitivity analysis, robust statistics,
and random-effect modelling.

Ecological 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. Nevertheless, it is increasingly recognised that ecological or group-
level associations are not mecessarily consistent with those measured at the
individual level {(Greenland, 1992). New analytical methods are therefore
required for investigating aggregate effects. 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 characterise to which areal units individuals belong,
together with area level characteristics which produce correlations between
individuals in the same areal unit or group.’” Problems associated with the
ecological method are discussed at Jength in Chapter 2.

Until recently, time series analysis was not often applied in environmental
epidemiology. This may have been a result of the complexity of the classical
statistical methods used to analyse either individual- or aggregate-leve] time
series data. Nevertheless, analysis of time trends is an essential element of the
HEADLAMP 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). Chapter 3 describes the application of
regression modelling to the analysis of time series data.

If specific information on the exposure-disease relationship of pollutants were
available, quantitative risk assessment techniques could be used to estimate the
health impact of exposures on different populations without having to conduct
substantive new research. Data would be 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, health risk analysis has limited applicability. In many contexts,
health risk analysis 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 limited. Moreover, even when it is applied, the
quantitative risk assessment process is beset by many uncertainties (see Chapter

4.)
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At present no generally accepted and standardised formats exist for presenting
the results of linkage analysis. This is understandable, in view of the many
different methods available for analysing data. Standardisation of methods is
sensible insofar as it is aimed at comparability. The diversity of 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 clear conclusions. The joint European project
involving ten countries has attempted to develop and standardise the
methodology used to analyse data collected from 15 cities, which represent
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 standardised 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). Moreaver, a standardised plan for linkage analysis of
environmental health data is commonly infeasible and unnecessary. It may be
infeasible if the particular methods used for linkage analysis depend on the data
themselves, and unnecessary if the study does not require pooling of the data
such as in a multi-centre study, or combining results such as in a meta-analysis,
with a strict requirement for comparable information.

The increasing number of geographic information systems (GIS) has added
significantly to the amount of available aggregate-level data which is already
considerable. GIS comprises a set of research methods developed by compater
scientists to permit controlled manipulation of data presented graphically,
thereby enhancing interpretability, or revealing or demonstrating spatial
patterns, regularities or connections. To be effective, GIS requires substantial
computer power, a rigorous and sophisticated development of programs,
procedures and routines, and the most advanced data manipulation and display
techniques. GIS may prove to he a powerful research tool for application in
environment and health data linkage, enabling graphical analysis of very large
data sets. However, users of spatial analvsis need to be aware of the limitations
of the data used in their GIS (as explicated in Chapter 3).

Despite its limitations, aggregate data analysis may be the anly feasible method
for estimating heaith outcomes of environmental exposures, for example, in
regions where health monitoring is not undertaken, or for situations in which
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 relationships, but having to use
aggregate-level data, because of confidentiality or other restrictions on the
availahility of individual data. The development and application of new methods
of ecological analysis, time series analysis and health risk analysis are therefore
important research needs in environmental epidemialogy.

'
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APPENDIX: A NOTE ON DATA PROCESSING AND
DATA ANALYSIS PROGRAMS

Computational and programming aspects are important for an easy application
of linkage analysis. Packaged programs are available for most standard
statistical calculations, for example BMDP (BMDP Statistical Software, 1992),
MINITAB (Minitab Inc., 1993), SAS (SAS Institute Inc., 1988), and SPSS (von
der Luhe, 1995). Newer versions of software packages have been developed to
be especially user-friendly, for example, SYSTAT (Statistical Solutions Ltd.,
1996). Data processing and data analysis with menu-driven or window-selected
directives on a computer, without one having to learn a programming language
or coding system, greatly facilitates the computational task. Advanced data
modelling approaches demand more sophisticated programs such as the General
Linear Interactive Modelling (GLIM) program {Royal Statistical Society, 1987),
GAUSS (Hereman, 1995), S-Plus (Statistical Sciences, Inc., 1993), or STATA
(Grunin, 1993; Email; http://www.statsol.ie/); the latter three software include a
matrix-programming language.

Two lines in the development of computer-intensive methods are the fitting of
increasingly complex models to increasingly large data sets, and the simulation
of the distribution of parameters and statistics as an aid to inference (Efron and
Tibshirani, 1996, Nelder, 1996). The Generalized Additive Interactive
Modeling (GAIM) program (Hastie and Tibshirani, 1990, Almudevar and
Tibshirani, 1991) uses a data-driven spline function to fit modern regression
models. A recent application of large-scale simulation is the Markov-chain
Monte-Carlo (MCMC) method (Besag et al., 1995) for simulating expectations
derived from the posterior distributions of Bayesian models using, for example,
the Gibbs sampling techinique (Gelfand and Smith, 1990) and the BUGS
program (available from the web page hitp://www. mrc-bsu.cam.ac.uk/bugs/
software/ software.html).

Special purpose programs are now more widely available for epidemiological
data collection and data analysis, for example, Epi Info (Dean et al., 1994),
EGRET (Statistics and Epidemiology Research Corporation, 1993), EPICURE
(Sullivan, 1994). Especially, Poisson regression model for estimating incidence
rates and ratios can be applied using a GLIM program (Frome and Checkoway,
1985), and a SAS program called SMRFIT (Hanharan et al., 1990) is available
for Poisson model fits in community disease cluster investigations. Ezf is
advocated as an easy program for ecological inference (by Kenneth Benoit and
Gary King, GKing@Harvard.Edu, see King, 1997), which runs as a DOS
program using GAUSS.

_14-



1 — STATISTICAL ISSUES

OSWALD is an object-oriented software for the analysis of longitudinal data or
time series in  S-Plus. (For further details, see the web page
http://www.maths.lancs.ac.uk:2080/~maa036/Oswald/.) ADE {Analysis of Data
from Environment; Thioulouse et al., 1995) is a software package for the
analysis of environmental data on Maclntosh, and performs basic linear
multivariate methods as well as more modern methods (e.g., Fuzzy
correspondence analysis). Three commercially available software products for
survey analysis are: OSIRIS IV (Institute for Social Research, 1992); PC CARP
{(Fuller et al., 1989); and SUDAAN (Shah et al., 1992).

The Statistical Software Guide 96/97 published in a recent issue of the
Statistical Software Newsletter (Koch and Haag, 1997) provides up-to-date
information on statistical software (commercially available programs, public
domain software, shareware and special purpose programs) developed all over
the warld. (For more information refer to web page hitp://www.gamma.rug.nl.)
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The Ecological Method: Linkage Failures
and Bias Corrections

. a
M. Nurminen

1. INTRODUCTION

This chapter reviews ecological studies which deal with aggregated data
measured on groups of people rather than on individual persons. The types of
ecological study can be either explorative (disease mapping) studies, multigroup
{disease-exposure correlation or regression) studies, or time frend (time series)
studies. 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 bias 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 preventing bias in ecological
studies, as in epidemiological studies in general, must be the design of a valid
study. If bias persists, there are statistical methods which may reduce, but will
not completely eliminate the bias in every wnstance. [llustrative examples are
drawn from environmental epidemiclogy. Finally, this chapter recalls the
methedological recommendations that were proposed by Morgenstern (1982)
and Greenland (1992} for a valid ecolegical study design and data analysis.

 Finmush Institute of Gecupational Health, Helsink, Finland
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1.1 Objectives

Ecological studies describe and analyse correlations between variates measured
on populations in groups or regions rather than individuals. The variates
concerned are aggregated observations on individuals, for example, averages
measured on groups of people.

Example 1. The purpose of an ecological study from Santiago, Chile, was to
determine the effect of air pollution on daily mortality and to analyse whether the
geographical distribution of the risk of death within the metropolitan area of the
city was due to the poor quality of urban air (Salinas and Vega, 1995).

The ecological method is a type of 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, behavioral,
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 future rate of ischemic heart
disease. Some environmental! health problems are more readily approached by
ecological studies than by general epidemiological studies. One could argue, for
example, that although the occurrence of exceptionally polluted weather is
applicable to ecological measurement, the occurrence of mild asthma symptoms
is less so. The reason for this is that asthma affects individuals in a population,
whereas ubiquitous pollution is an affliction of a population in the aggregate,
rather than of its individuals.

Feological analyses thus use aggregated or grouped data, rather than individual-
level data, as the basic sampling unit of analysis. The grouping variate is often a
geographical region, although other factors such as ethnicity, socioeconomic
class, time period, etc., could also be used for grouping. Ecological analyses of
exposure-disease relation can be potentiaily biased by several factors (e.g.,
model misspecification, confounding, nonadditivity of exposure and covariate
effects or effect modification and noncomparable standardization; for a
definition of these concepts, see Glossary). Ecological correlations and rate
estimates can be more sensitive to these sources of bias than individual-level
estimates, because ecological estimates are based on extrapolations to
unobserved individual-level data.

This chapter has assembled recent results on various methodological issues of
ecological studies in environmental health research, with emphasis on biases in
ecological estimates as against their counterparts in individual-level designs.
Thus the concern here is not so much with the utility of the ecological approach
in its own right, as with its use as a proxy for individual-based studies. However,
this is not to say that the policy guidance that epidemiological knowledge gained
from the study of disease of human populations rather than the study of disease
in human populations can provide is little more than applying individual-level

-7 .
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understanding to groups. The situations in which ecological studies are the
appropriate design have been summarized in a series of recent methodological
papers (see Poole, 1994, and references therein). 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, listed in the literature references; however, references are cited in this
text in the comtext of certain main results only. The readers are advised to
review the original references for additional backgreund information. A glossary
of terms used in this review is included at the end of this chapter,

1.2 Types of Ecological Design

Disease mapping can detect geographical disease clusters without any direct
incorporation of exposure information.

Example 2. A cancer atlas in which the spatial vanations in mortality that exist
within and between countries for some cancers may form the pont of departure
for further studies to uncover possible determinants of risk For instance, Smans
et al (1992) have published a list of national cancer atlases. Forty-four colour
maps reveal the geographical vanation in the age-standardized mortality rates for
the 23 most commor cancer sites across the European Economic Community in
1975-1980. For ecach cancer site, this variation is discussed and illustrated, and
comments are made on actiology, epidemiology and prevention.

The available exposure information allows an epidemiologist to 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 coefficiets of
regression equations in twe 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.

Example 3. The survey of environmental problems and the urban household
within the Greater Metropolitan Area of Accra, Ghana, was cross-sectional and
not based on routine data that can be used more regularly to maniter trerds over
time (Songsore and Goldstein, 1993). Areal variations in environmental risk
faclors and health outcome measures. such as prevalence of diarrhoea and acute
respiratory infection among children under the age of 6, were analysed in eight
socio-ecological zones or residential strata.

In time trend ecolegical 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.
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Example 4. The association between the amount of fluoridation of the drinking
water and the corresponding incidence rates of dental caries was studied in a
population of one town (Kuopio) in Eastero Finland for several years before the
community experiment was stopped Tor fear of possible adverse health effects.

Exgmple 3. The community health promotion programme toward healthier eating
habits, and overall life-style, conducted in the province of North Karelia in
Easternt Finland, with the province of Kuopio selected for comparison from the
same part of the country, s an example of a two-group comparison design with
time trend data (Salonen et al, 1979). The incidence of coronary heart disease
declined in the intervention population over years, but a similar favourable trend
was observed in the neighbouring, comparisen population. Thus the relative risk
was, by and large, unaffected by the programme. This study result emphasizes
the pgenecral epidemiological principle that the inclusion of an unexposed
comparison population is necessary for the estimation of the possible effect of
exposure.

In the multigroup comparison design, data on exposure to an agent and the
health outcome are collected on a group basis for several regions.

Example 6 A study of this type is an analysis of the time series data from the
Nordic countries showing the change in the martality rate from cervical cancer
following the initiation of pap smear screening (Hakama, 1982). Because the rate
of cervical cancer was already declining before the introduction of the
programmes, it is again uncertain whether screcning indeed had any favourable
effect on the cancer mortality as inferred from the ecological analysis.

Example 7. Another study of this kind is an ecological investigation of the
association between the chlorination of drinking water and lung cancer incidence
in Norway (Flaten, 1992). This study was a two-level geographical investigation
in Norwegian couaties {# = /9) and municipalities (# = 97) 1n which a slightly
increased incidence of cancer of the colon and the recturn was found.

1.3 Advantages of Ecological Studies

The main advantage of the ecological approach is that it permits the study of
very large populations (e.g., populations of entire countries).

Example 8. Shaper and Marr (1977) found a negative relationship between the
national coronary heart disease moriality rates and fatty acid balance (the
estimated polyunsaturated / saturated fat ratio) in the diet of populations of about
20 countries. In this study, the data compiled by the Food and Agriculture
Organization (FAQ) and the World Health Organization (WHO) and the
regularly published mortality statistics in the participating countries were
exploited. The investigators concluded that reduction in saturated fat intake and
partial substitution by polyunsaturated fats — with the resulting change in the
ratioc — should be the basic dietary recommendation to the public.

- 24 -
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Ecological studies are still prevalent because they are often relatively easy to
conduct using existing databases in a relatively short period of time. Thus a
judiciously implemented ecological approach can serve as a cost-effective
alternative for screening or monitoring of many disease entities and
environmental conditions across geographical areas. However, one should
remember that the monitoring system can, and often is, quite expensive. It is
likely that, in many situations, this is the most costly type of study. The cost-
effectiveness lies in the use of the existing data collected by the monitoring
system.

Because large populations are feasible to study ecologically, relatively small
increases in risk can be detected.

Example 9. The association of air pollution and daily mortality was studied in
Birmingham, Alabama (population 8§84,000), with time series data from 1983
through 1988 (Schwarlz, 1993), A small significant association (relative rtisk,
AR = 7.1 was found for a 100-pg/m’ increase in inhalable particles.

It is well worth noting that the power of these studies is not related to the size of
the population studied. It is the number of data points (in Example 9, number of
days with data) and the powerful statistical analysis method which allow the
estimation of small risks. However, one should be cautious about concluding
whether very small risks are consequential in practice or not, even though they
are statistically significantly elevated (see, e.g., Nurminen, 1997b).

Under particular assumptions ecological studies can supply estimates of
individual-level risk measures. In very special situations, it is even possible for
ecological results to be more valid than the results from individual-level
epidemiological studies.

Example 10. In studying sensitive sccial issues such as consumption of alcohal,
afficial sales figures may provide a more accurate cstimate of the true
consumption than interviews with a random sample of residents from
municipalities regarding their drinking habits.

Ecological studies sometimes cover populations more markedly divergent in
their exposures than those that can be readily obtained in studies of individuals.
Limited within-population variabilitv in exposure may also call for the study of
multiple populations in a hybrid epidemiological investigation. For example, for
cancer, a disease which has high quality registration in many regions of the
waorld, there is the possibility of designed ecological studies in which population
exposure is assessed by sample survey methods and set alongside reliable cancer
statistics. The statistical analysis of such multilevel studies has recently been
discussed by Navidi et al. {1994), Prentice and Sheppard (1995}, and Sheppard
et al, (1996). Navidi et al. {1994) also discuss the implications for the design of
multilevel studies with an application to a study of air pollution.
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Example 11, In the linked series of cohort studies of the European prospective
investigation on diet and cancer (Riboli, 1992), the exposure-disease information
arises from between-population comparisens. However, varialion in dietary
factors is more heterogeneous between the study populations compared to the
within-population  variability. The investigators developed a special
questionnaire on usual food intake as well as a methoed for the estimation of food
portion size (Faggiano et al, 1992). This ad hoc survey information was
combined with the cancer register data in a hybrid epidemiological study.

The ecological approach may also be useful for the investigation of disease
clusters in relatively small geographical areas. However, cluster analysis is an
entity in itself, and the method is not pursued further here; reference is made to
a relevant paper by Rothman (1990) and references therein.

Finally, description of wvariations in disease frequency among or within
geographical regions can provide suggestions for more analytical
epidemiological research.

1.4 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 that 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 tenuous and
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. Another reason is that it may be
difficult to define the population denominators {e.g., the catchment population
of the hospital) corresponding to the health event numerators. For less severe
health events, such as mild asthmatic symptoms, there may not be any records
available at all.

Extra effort may be needed to create health and environmental data sets with
comparable population subgroups. Health data are usually available for
administrative umits such as municipal health care districts, municipalities, or
provinces, whereas environmental poilutants and other exposures transect their
boundaries.
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Example {2, Air quality data are measured in Helsinki, Finland, by the municipal
authoritics at several automatic monitering stations located irregularly all over
the city. The levels of pellutants in the air of various parts of the city are
determined by mathematical models which provide estimates of exposure for
populations in the ecological units of analysis.

Exampie 13 As an illustration of the problem of obtaining inadequate cxposure
data. consider an ecological study w detect an association between the birth rate
of infants with neural-tube defects 1n New South Wales (NSW) and Australia's
use of trichlorophenonyacetic (2.4,5-T) acid duning the previous year (Field and
Kerr, 1979). The only Australian data accessible to the investigators for record-
linkage were relatively complete records of the annual malformation rates in the
State of NSW in 1963-1976 and the estimartes of herbicide usage for the whole
of Australia in the same peried. The use of 2,4.5-T was not available for each
State. Estimates of the actual numbet of persons in NSW occupationally or
environmentally exposed to this herbicide were evidently toa difficult 1o obtain.
The propartion of the population classifted as living in rural areas in this
Australian State was presumably approximalely the same as in the whole of
Australia (1e. 15%), and a linear correlation {r= 0.63) was found between the
NSW rate for neural-tube defects with the previous year's usage of the herbicide
m Australia, However, as the authors pointed out, because of the crudeness of
the exposure data and the record-linkage nature of the analysis, the results cannat
be taken as dwect evidence of any causal association mvolving 2,4,3-T herbicide,
Nevertheless, the findings may be useful for suggesting hypotheses.

Ecological studies are subjecl to unique biases not present in individual-level
studies. Therefore the demand for methodological rigour is great. When biases
cannol be ruled out or quantified with available ecological data, further
exploration will require individual-level studies.

1.5 An Epidemiological Study Example in the Field of
Public Health

Example 14. This example illustrates ecological correlation and regression
analyses The objective of the study was twofold: 1) to describe the incidence of
acute glaucoma in Finland from 1973 to 1982 (Teikari <t al., 1987); 2) to analyse
the risk factors for this disease (Teikari et al,, 1991). By design the study was a
national survey using hospital discharge registry data. hnked to meteorological
data for the same period.

The cases for this study were compiled from a nationwide hospital discharge
registry which receives some 800,000 records annually from all public hospitals
in Finland. The coverage of the registry can be considerad complete because in
Finland there are no private hospitals wking care of patients with acute closed-
angle glaucoma. This disease 1y pically has a sudden onset of symptoms and an
urgent need for hospital care The hospital discharge 1egistry covers all inpatients
of all public hospitals in the country who have been in hospiral for more than 24
hours. The validity of the registry for acute glaucoma was found to be 80% in a
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reexamination of a sample of patient files. The sex-area (north / south) specific
incidence rate for every month during the 10-year period was calculated with the
number of cases as the numerator and the size of the respective population as the
denominator.

Meleorological data were collected from the Finnish Meteorological Institute for
the same years in two different meteorological centers: Helsinki (latitude 60°N)
and Oulu (latitude 65°N). Mean hours of sunshine were documented for every
month by determining the cloudiness and the length of day. The other
metecrological data considered were: mean temperature (°C), mean air pressure
(mbar), mean humidity (%), and total rainfall (mm).

A peak in the incidence was noted whenever the number of hours without
sunshine increased. Figure 2.1 shows this correlation graphically. (There was
also an increasing trend in the incidence over time.) A strong seasonal variation
is discernible; the cyclic pattern becomes more evident when the number of
mean monthly hours of sunshine and incident cases (altogether 1796) were
pooled over the 10 years (Figure 2.2). The mcan hours of sunshine depict a
neatly normal distribution. This is a characteristic feature of mean values in
general, When the seasonal variation was smoothed out by aggregating the
manthly incidences to annual rates, the resulting regression lines were horizontal
separately for both genders (Figure 2.3).

Because of the frequent use of the correlation coefficient in ecological analyses,
these studies used to be called correlation studies. However, the ecological
regression coefficients, but not ecological correlation coefficients, give unbiased
estimates of their corresponding individual measures: pooling will increase the
variance of the average exposure level relative to the variance of disease rate,
and thereby the ecological correlation becomes stronger (Morgenstern, 1982).

The linear regression calculated by the unweighted least squares method showed
a fairly strong negative association between the mean monthly number of hours
of sunshine {#) and the mean monthly number of incident cases of acute
glaucoma (Figure 2.4) when both genders were pooled. The ecological
regression equation was estimated to be: N = /85— 0.253=H, where N is the
number of cases. When the other meteorological variates were controlled for,
they did not improve the medel fit. The ecological correlation coefficient was
r = 0.77. The greatest values for mean hours of sunshine naturally appeared in
the summer months {(approx. 273 h/ month), whereas the lowest score was in
December (approx. 7 h). According to this regression equation, the maximum
difference in mean hours of sunshine (i.e. 275 h—7h =268 h} accounted for
117 extra cases.
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Figwre 2.1 (a) Number of new cases of acute closed angle glaucoma per
quarter and (b} number of mean monthly hours without sunshine (cloudy sky or
night} in Finland, 1973 through 1982. (Source of data; Teikari TM, O'Donnell J,
Nurminen M. Acute closed angle glaucomna and sunshine. © Journal of
Epidemiology and Community Health 1991,45:291-3))
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Mean Number of Sunshine Hours Incident Number of Glaucoma Cases
8
8 = g
B i
g -
8 -
]
e i
o - a -

Jan FebMar AprMayJun Jul AugSep Ocl NovDec Jan FebMar AprMay.Jun Jul AugSep OctNovDec

Figure 2.2, Monthly distribution of new cases of acute closed-angle glaucoma
and mean hours of sunshine in two cities (Helsinki and Oulu) in Finland
between 1973-1982. (Source: Modified from Figure 4 in: Teikari J, Raivio 1,
Nurminen M. Incidence of acute glaucoma in Finland from 1973 to 1982,
Graefe's Archive for Clinical and Experimental 1987;225:357-60. © Springer-
Verlag.)
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Figure 2.3. Age-adjusted annual incidence of acute closed-angle glaucoma (per
100,000 persons) by gender in Finland, 1973 through 1982, (Source: Modified
from Figure 3 in: Teikari J, Raivio [, Nurminen M. Incidence of acute glaucoma
in Finland from 1973 to 1982. Graefe's Archive for Clinical and Experimental
1987;225:357-60. © Springer-Verlag.)
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Because the regression lines for incidence rates (per 100,000 person-years, 10°y)
versus mean hours of sunshine were not similar for the genders, separate
equations were fitled to desribe the effect modification: for women the annual
rate, R, was: R={5.38-00075 =@10%y); for men R= {2.05 -
£ 0013 =HE/(1(Py). Hence, for women, the incidence rale ratio, RR, for mean
hours of sunshine for A = /23 }i versus H = (0 A was calculated from the above
cquation to be &R =[{3 58— 0.0075 = [25}//10Fv}] 7 [5.58 F10Pv)] = (.83
showing the protective effect of sunshine against an aftack of glaucoma.
Conversely. the Jack of sunshine increased the risk of acite glaucoma by 1.2-fold
{1/0 83 =112}, The annual mcidence rate difference, D, related to an average
of 125 hours of more sunshine per month among women would be
RD = 0.0075 x 125 ¢10Fv) = 0.94 7(1(°v). This figure corresponds to nearly a
half of the average incidence among men, 2.0/(10° ).

How could the diminishing amount of sunshine cause a risk for those individuals
susceptible to acute closed angle glaucoma? Onc explanation would be the
expansion of the pupd m the dark. Teikarl et al. (1991) discussed the
plausibility of two separate mechanisms that have been proposed by which the
anterior chamber angle could be closed. First. dilatation of the pupil could cause
a mechanical obstruction to ihe anterior chamber angle when the iris becomes
bunched and causes contact Lo occur between the root of the iris and the angle
structure. The second mechanism is a relative obstruction of the passage of
intraocular fluid through the pupil. There remams also the possibility that an
underlying meteorological risk factor exists which is linked ta the hours of
sunshine in causing the risk.
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Figure 2.4, Linear regression for munber of new cases of acute closed angle
glaucoma per month and mean monthly hour of sunshine. The open circles
represent monthly observations (January through December). (Source: Modified
from Figure 5 in: Teikari J, Raivio I, Nurminen M. Incidence of acute glaucoma
in Finland, 1973 through 1982. Gragfe s Arehive for Clinical and Experimental

1987,225:357-60. © Springer-Verlag.)
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2. BIASES IN ECOLOGICAL VERSUS INDIVIDUAL-
LEVEL STUDIES

In this section, the various sources of bias in ecological data due to invalid study
design are considered. Empirical studies, while useful in pointing out the
potential biases, have not provided investigators with practical guidelines.
Therefore, methodological theory is the most reliable guide for the identification
of biases in ecological research practice. The discussion is necessarily
theoretical and quite technical. The reader who finds the statistical formulas too
difficult to digest is advised to skim through this section on a first reading; the
material is available for the reader’s future reference.

2.1 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
ecological studies spring from these linkage failures. The ecological fallacy was
first studied mathematically by Robinson (1950} in quantitative social science.
The most recent solution to this problem has been presented by King (1997).

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. The latter term is sometimes used to refer to any ecological bias.
Because the groups are typically heterogeneously exposed, cross-level bias is a
more complex issue than a simple confounding by group (specification bias).

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. Figure 2.5 illustrates the ecological bias due to aggregation:
the average relation within each group can be different from the overall average
relation between groups.

In addition to the sources of bias ingrained in individual-level studies,
ecological estimates of effect can be biased from effect modification by the
group variate or confounding by the group variate. Covariates responsible for
ecological bias need mot even be effect modifiers or confounders at the
individual level (Greenland and Morgenstern, 1989).

.
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Example 13. A recent controversy in the epidemiological literature has
concerned the assertion that the ecological fallacy does not necessarily apply to
testing whether disease incidence varies linearly with exposure dose {Cohen,
1990a, 1990b, 1992, 1994, 1995, Greenland 1992, Greenland and Morgenstern
1990, 1991, 1992, Greenland and Robins, 1994a, 1994b). In defence of this
claim, Cohen maintained that the use of a very large number of regions (up to
1,601 counties) that are highly varied in socio-economic risk factors will
somehow guarantee a random crogs-sectional relation between exposure and the
covariates. As correctly noted by Greenland and his cowarkers, large numbers do
not ensure randomness of exposure and covanate distributions in observational
studies, whether ecological or individual-level, nor do they ensure that the
induced ecological biases will ‘average out’; thus they concluded that neither
within-region nor cross-regional independence af exposure and cavariates
prevents ecological bias.

2.2 Modelling the Exposure-Disease Occurrence
Relation

The actual object of individual-level epidemiological research is an exposure-
disease occurrence relation (Miettinen, 1985). This relation can be expressed in
conceptual terms as

R=r(E,O) )]

where: R is rate of disease occurrence {e.g. prevalence rate); r is relation of the
health outcome to the variates with which it varies (e.g. as a multiple-linear
regression function); £ is exposure or determinant of primary interest (e.g. air
pollution); C is a vector of covariates: either (i) modifiers which may or may not
be of interest in themselves {e.g. gender); or (ii} confounders which are not the
object of study (e.g. smoking).

The analogous relation for ecological studies embodies the group means
(indexed by g) for the disease rate, exposure variate, and covariate level across
exposure-covariate strata (cf. Greenland, 1992):

Re =r{(Eqs. Ca) @

5]

This implies that the disease outcome in an ecological study is usually a
continuous variate, such as the mortality rate, as distinguished from other
epidemiological studies with a discrete outcome, such as number of deaths,
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Figure 2.5. Aggregation bias in ecological data: a) No bias; b} Positive bias; ¢)
Negative bias. Average relation within three groups and overall average
between groups for disease occurrence rate, R, and level of exposure, E.
(Source: Modified from Figure 1 in: Richardson S, Stucker I, Hémon D.
Comparison of relative risks obtained in ecological and individual studies: some
methodological considerations. fnternational  Journal  of Epidemiology

1987:16:111-20. © International Epidemiological Associatior.)
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Multivariate models applied to ecological analysis correspond well to a classic
regression problem, since not only the outcome variate is measured on a
continuous scale, but also all the covariates as well. For example, gender
becomes essentially continuous when measured as the proportion of the
population that is female. The ecological relation also shares some of the salient
features of the individual-level relation, for example, both relations have the
same design options with respect to the time relation. On the other hand, it is
important to explicitty include grouping variates as part of the model
specification.

Example 16, Recently. Steel and Holt (1996) developed grouping models and
groupng-dependent models which can be applied to group-level dara to estimate
individual-level relationships They showed how the differences bhetween
individual and group-level analvses may be explained through a sophisticated
statistical medel which incarporates the effects of grouping variates and within-
reglon charactenistics. The resull is a strategy for the analysis and adjustment of
aggregation effects in multivariate analysis.

Lxample [7. Jones and Duncan (19935} also emphasise the importance of place
differences in wnderstanding chronic ilinesscs. They draw = conceptual
distinctien between individual and ccological effects, but they argue that
aggregate analysis provides an wappropriate methodology for studving regional
differences In contrast, they propose that multileve! modelfing allows for the
simultaneous analysis of individuals and their ecalogies. This approach examines
the circumstances of individuals at one level. and, sinntaneousiy, the contexts
or ecologles in which they are located at another level,

A misconception sometimes encountered in the literature is that ecological study
and time series study are conceptually different types of design.

Example [8. A time series study of air pollotion and mortality in Shenyang,
China, analvsed the correlation between daily poilution levels and daily group
mortality. controlling for daily tfemperature and humidity. while an ecological
study analysed comelations between annual levels of poilutanis and group
mortalities (Xu and Xu, 1993). However, these studies are hoth ecological
approaches focussing on a different time 1eferent of the exposure information,

If the exposure coincides more with that of the health outcome than with the
relevant efiologic (or induction) period, the relation is cross-sectional. In a
longitudinal relation, exposures at some previous time(s) are considered. If the
exposure level is stable over time, the distinction between the two relations is
debatable. 1f it is very unstable, the distinction is critically important: there is
need to focus on the most relevant time span of the etiologic period,

1
2
[ ]}
1
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Exampie 19 Consider the individual-based record linkage between the
population register of the City of Helsinki and the Finnish Cancer Registry for
the study on lung cancer incidence and ambient air pollution in 33 subareas of
Helsinki in 1975 through 1986 (Ponk# et al., 1993). The exposure assessment
method used was a coordinate-based mapping, where according to his‘her place
of residence, an individual was assigned the mean concentration of particulates
and gaseous pollutants of his or her residential area The area-specific
concentrations were obtained by a meteorological-mathematical model for the
distribution of the expasures, using information on various emission sources.
The regional differences in the summary mortality ratios were estimated by a
multiple regression model with adjustment [or age, gender, and level of
education {a likely inverse correlate of smoking). However, as also stated by the
authors, one can question whether the study period was long enough to allow for
the latency time of cancer development, which is more probably a decade or
more rather than a year.

Example 20. In another study, low-level air pollution and temperature in
Helsinki were correlated to respiratory infection in children and aduits and to
absentecism from day-care centres, schools and workplaces during a 1-year
period (Panka, 1990). The mean concentrations of particulates and gaseous
pollutants measured at four automatic monitoring stations were used as exposure
variates. This time series study used the weekly number of disease events as the
outcome variate.

Example 21 In the third study, the relatively low levels of air pollution and
weather conditions in Helsink: were correlated to asthma attacks in the general
population on the basis of hospital admissions during a 3-year period (Ponkd,
1991). The mean concentrations of particuiates and gaseous pollutants measured
at the antomatic monitoring stalions were again used as air pollution and
meteorclogical variates. This time series study used the darfy number of disease
events as the outcome variate. The study also employed a 1-day lag (time delay
from exposure to disease ocourrence) for maximising the weather effects.

Examples 19 through 21 from the Helsinki ecological studies illustrate the
importance of the time relation in the study of environmental health. In this
respect, the ecological approach does not differ from the individual-level study.

2.3 Sampling Error

The design of the sampling of the base population in an ecological study has to
account for sampling error (Fuller, 1987). This is a problem that has not been
sufficiently touched upon in the literature on ecological studies: the ecological
estimates of exposure are based on sample surveys and thus are subject to
sampling error. If the studies are not based on routine data sources in which
sampling errors are negligible, then exposure variates have standard errors
which will bias the regression coefficients. If estimates of the standard errors are
available from surveys, these may be incorporated to correct for the bias.
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Example 22. The smoking prevalence estimates obtained in a survey in Germany
were based on samples of sizes exceeding 2,000 or 5,000 (from populations
whose sizes varied from 371,000 to 2,760,000); the standard errors were
therefore less than 0.8 to 0.5% for prevalence estimates ranging from (2 to 26%
(Greentand and Brenner, 1993).

In general, the standard error of sampie proportion p (e.g., smoking prevalence)
is of the form SE(p) = [P(1-P)/n]” The effect of the populatmn proportion P
on the standard error is such that the SE( is greatest when the proportion is
either very low or high {Cochran, 1953).

Exampie 23 1f the populatien proportion P=350%. a sample size of 100 is
needed to reduce the standard error of the cstimate to 5%. To attain a (%
standard error requirss a sample size of 2,500 (cf. Exampie 22).

The finite population correction (fpc) for the standard error is the multiplier
(1-/N)”, where a sample of size » is drawn from a population with & units
(Cochran‘ 1953).

Example 24. If two populations are equally varizble in regard to the proportion
of smokers, a sample of 500 from a population of 200,000 gives almost as
precise an eslimate of the population proportion as a sample of 500 [rom a
populatian of 10,000,

In practice, the fpc for the standard error of the estimate of the sample mean can
be ignored whenever the sampling fraction #/N does not exceed 5 or 10%, as
was the situation in the German survey (Example 22). If, in lien of a particular
administrative (finite) population, the statistical inference is targeted at an
abstract-general (infimite) population. then one ignores the fpe (Miettinen, 1985,
Appendix 5). The effect of ignoring the correction is to overestimate the
standard error of the estimated proportion.

Application of the misclassification correction formulas for the estimates of
exposure, disease outcome and covariates (Section 3.2) requires that these
estimates are based on sufficiently Jarge sample sizes. What is large enough
depends on the scale of measurement (or the assumption of the sampling model)
for the variate, and on the magnitude of the rates

Example 23, 1 the factors that are used for correcting exposure misclassification
are proportions, the sample numbers should. as a rough guide, be at least equal
lo five for the normal approximation o the binomuzl to hold. [n the case of
Poisson counts, the mumber of discase cases per rate {rather than the number of
rates in the ecological regressiont would have to be at least five 1o ensure the
normal approximation te hold, (Greenland and Brenner, 1993),
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The sampled areas included in the analysis may differ in size. To allow for the
different amount of information contained in each group, a weighted regression
should be used with weights proportional to the precision of the observation
unit, Various weighting schemes can be considered.

Example 26. 1f the numbers of cases divided by the square of the mortality rates
are used as weights, then the regression analysis can be carried out by specifving
a normal distribution of sampling errors. The normality assumption is justified
provided that the number of cases 1s large in each area, over 30 or so.

Plummer and Clayton (1996) recently studied these important design issues,
viz.: “(a) how large should sample surveys of population exposure be and (b)
how should they be targeted on different sections of the study population?” They
summarised their resulis as follows: “The number of study populations has little
relevance beyond a certain point, the power and precision being limited by the
total number of disease events and by the size of the sample surveys used to
estimate the distributions of determinants within populations.” The
determination of the optimal size of an ecological study requires also
consideration of measurement error, the nature and effects of which are
discussed in the next section.

2.4 Measurement Error

The proneness of ecological estimates to measurement error can be a far more
important source of uncertainty than the sampling (random) error of the
elementary variates. Apart from basic demographic variates (such as sex, age,
and vital status), most variates used in ecological analyses are measured with
error. Measurement error has different effects on ecological and individual-level
studies. The design of the information on the samples 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 separate. 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.

As it is then, the epidemiological data in ecological studies are based on
measurements averaged over populations, and thus the estimated exposure-
disease relations are usually tenuous. However, contrary to a previous view that
in ecological studies ... proxy measures for exposure ... and disease ... further
attenuate the associations’ (Rothman, 1986, p.74), it is now known that
measurement error on exposure can produce bias (systematic error) that
seemingly strengthens exposure-disease associations (see 2.4.1). The net bias,
given both disease and exposure misclassification, is nevertheless very
unpredictable and depends on the regression model form.
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24.1 Exposure

One should exercise prudence before drawing firm conclusions about the role of
any exposure component as measurement of the exposure level obtained by
ecological means may be affected by large random errors. Although it is
recognised that such etrors tend to bias the observed risk, insufficient attention
has been given to the fact that the wrong variate can be identified as the main
risk factor, when several variates are correlated with each other and measured
with different random errors. simply because one variate may be measured with
less error than the others. Recent analysis of the association of the airberhe
sulphuric pollutanis SO, and SO , With daily hospital admissions in Ontario

furnishes an example (Zidek et al., 1996). It is suggested that measurement
errors be reduced whenever possible by repeating exposure measurements on
the same units with different instruments having independent error factors.

Independent nondifferential musclassification of an exposure indicator will
usually result in a biased estimate of the exposure effect thar is directed away
from the no-effect hypothesis in ecological studies, while in individual-level
studies the effect is in the opposite direction {i.e. toward the null). Intvitively
this is because the exposure misclassification reduces the variation in the
exposure prevalence across groups, although the group disease rates are
unchanged. thus effectively magnifying the exposure-disease relation (Sheppard
et al,, 1996). Brenner et al. (1992b) have derived the following results for linear
and fog-linear regression models.

Denote: R; = mortality rate in the exposed; 8, = mortality rate in the unexposed;
RD = cortect rate difference = R; —Ra; RR = correct rate ratio = RyRy £ =
exposure prevalence: Se(E) = semsitiviny of exposure classification; Spi&) =
specificity of exposure classification; & = intercept of the regression line; § =
slope of the regression. An ecological regression model which expresses the
mortality/morbidity rate in an exposed population as a linear function of the
exposure prevalence is

Ri=Ry~Ryx(RR—1) xE=Ry+RD xE (3)

The ecological rate ratio for the exposed group (£ = 1) versus the unexposed
group (£ = 0) can be estimated from the linear model R, = « + £ with @ = R,
and § = (RR—[)%Ry as [ + fi‘c (Beral et al,, 1979: Morgenstern, 1982). The

ecologically derived rate difference between exposed and unexposed individuals
equals j.

1
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D
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With independent nondifferential misclassification of exposure, the linear-
regression rate difference and the exponential-regression log rate ratio estimates
are overestimated by the bias factor 1/Se(E} +Sp(E)—1}, while the
misclassified estimate of the untransformed rate ratio is [+ ((RR — [}/
{Se(E) + Sp(E) » RR— RR}. The estimate of RR can be greater than the correct
rate ratio, undefined, or negative {i.e. uninterpretable), but it is never biased
toward the null hypothesis (i.e. B, = Ry).

When the exposure-disease relation is a log-linear regression model,
log(R;) = logiRy) -+ log(RR) x E (4)

the correct RR may be estimated as exp(f). The misclassified estimate of rate
ratio is given by exp/log(RR) /{Se(E) + Sp(E)—1}], which always
overestimates the rate ratio obtained with the correct exposure classification.
Because the log-linear rate ratio is independent of the intercept & = log(R, ), it
is less sensitive to misclassification than the linear rate ratio.

2.4.2 Disease Quicome

Ecological studies in epidemiology typically deal with cause-specific mortality
(and morbidity) rates rather than with total mortality. Therefore,
misclassification of disease outcame can be a source of severe bias. This bias
can be far more important than the sampling variability of the disease outcome
(dependent variate of the regression). The following results are given by
Greenland and Brenner (1993).

e Imperfect disease specificity (i.e. false positive rate) induces no bias in the
risk difference estimate, but this estimate is biased toward the null value by
imperfect sensitivity.

e  With disease misclassification (due to either imperfect sensitivity or
specificity) the linear regression estimate of risk ratio is biased toward the
null.

¢ For log-linear regression, with perfect specificity, imperfect sensitivity

induces no bias in the uncorrected rate ratio estimate; however, this
estimate is biased toward the null by imperfect specificity.
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2.4.3 Confounders

The most difficult sampling problem in ecological studies is the 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 studied
occurrence relation.

Fxample 27, The causes for the higher incidence of lung cancer in cities are
insufficiently known. but are suspected to he related to smoking and socio-
econamic stalus. among other factors. Am association of slightly increased
incidence rate of lung cancer with increasing mean suiphar dioxide {SO)
concentration was found in Helsmki {Ponkd et al  (993). Unfortunately,
information on smoking habits was not readily available. Instead, the average
level of education was included as a covariate in the ecological regression, and
showed a strong inverse asscciation with the cancer rate. This finding was
explaincd to imply thet smoking, by far the most important risk factor for lung
cancer, is more prevalent among the less educated. Although this conclusion may
turn out ta be correct. the legic of such an explanation is somewhat speeious,
since it rests on indirect reasoning and presious data outside the study.

Most covariates used in ecological regressions are either surrogates or crude
measures of the true confounder. The problem is compounded by the need to
measure the multivariate (joint) distribution of the confounders; univariate
distributions of the covariates or a confounder score may not suffice to achieve
full contro! of confounding,

Lxample 28, An ecological study was set out in the Czech Republic o test the
hypothesis that atmospheric levels of pollution affeet infant mortality risk
(Bobak and Leon, 1992 The swdy permitted only limited control of
confounding The effects of smoking. indoor pollution from heating or cocking,
and family size will not have been adequatelv controlled by the adjustments
made using the socio-economic vanates tor which data were available These
comprised mean income. mean savings, mean number of persons per car,
proportiens of total births cutside marriage. and legally induced abortions per
100 live births Thus, as acknowledged by the investugalors, an unknown amount
of residual confounding was likely.

One fortunate result regarding etiological estunates is that nendifferential
misclassification of a binary confounder does not cause bias {Section 3.2.3).
Naturally, if sampling errors are added to the misclassification, control of the
caonfounder may be compromised by these erroirs {Brenner et al., 1992a).
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2.5 Misspecification of the Model Form

An important issue in the study of ecological data concerns the sensitivity of
these analyses to model misspecification, The mathematical form of a model
depends on many issues. Consider first the specification error of the general
occurrence relation. The ecological relation in a particular group embodies the
group means (indexed by g) for the disease rate, exposure variate, and covariate
level across exposure-covariate strata. In general, this relation (Model 2) does
not assume the functional form used in individual-level studies (Model 1)
(Richardson et al., 1987). This discrepancy may cause only little bias when the
expected effects are small. Nevertheless, ecological summary rate ratios can be
very sensitive to the chosen model form (Greenland, 1992). In contrast, the
individual-level effect summaries of rate ratios appear insensitive to the choice
of model structure (Maldonado and Greenland, 1993},

Example 29 Recall the linear correlation between herbicide use and incidence
rate of neural-lube defects found in NSW, Australia (Field and Kerr, 1979). The
I2-year time series data were depicted as a seatterplot with a line drawn to
indicate the average trend. The investigators were keen to observe that the figure
[Figure 2.6, reproduced from the tabular data in Field and Kerr (1979)] suggests
that the linear correlation disappeared in 1975 and 1976. Thus there is rcason to
check 1his observation. The fitted regression line was estimated to be:
R =176+ 000115 = T, where R is rate of neural-lube defects in NSW per 1000
births, and 7T is usage of trichiorophenocyacetic acid (2,4,5-1" acid in equivalent
tonnes) in Australia in the previous year. A nonparametric, smooth regression
curve (Cleveland, 1979) displayed an initial monotonous rise in the incidence
rate which seemed to level off despite the notable increase in the herhicide nsage
during the last two years (Figure 2.6). 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 nonlinearity of an exposure-disease relation depends also on other aspects
of the nature of the data. For example, some infectious disease epidemics
manifest in biannnal cycles, so quadratic terms for time trend have to be
included in the temporal model for epidemics.
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2.5.1 Linear Model without Threshold

While most individual-level studies employ some type of exponential or log-
linear multiplicative model for the rates (or a muitiplicative model for their
effects), the ecological studies typically use a finear model for the rates (or an
additive model for their effects). The popularity of the additive model in
ecological studies probably springs from the ‘aggrezation theorem’ {Langbein
and Lichman. 1978). The theorem states that, if the individual-level regression
of disease rate on exposure and covariates is linear, the ecological regression of
the average rate (across exposure-covariate strata) on average exposure level,
and average covariate level in any group will be linear with the same
coefficients.

o
«1
@
£~
t
m
2
S~
= a
@
=
0 b
b
a o
5 .
3
o
0
2
'
5
g P4
2 -
'3
z
o
14
O.-
- 1 ] ]
100 200 300 400 500

Lisage of Tnchlorophenoxyacetic Acid (1n Equivalent Tonnes)

Figure 2.6.  Ecological relationship between rate of neural-tube defetes (per
1,000 births) and usage of trichlorophenoxvacetic {2,4,5.-T) acid {in equivalent
tommes) in Australia. (a) Normal regression line and (b) smoothed regression
curve fitted to the time-series data of Field and Kerr (1979). The open circles
represent yearly observations (1965 through 1976).
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Suppose, for example, that the disease rate R follows the linear-additive model
R=g+pE+6C (5)

where E is the exposure level and C is the covariate (modifier / confounder),
and e, § and & are the regression cocfficients, respectively. If R,, E., C; are
the average disease outcome, exposure level, and covariate level in an
ecological group g, then (Langbein and Lichtman, 1978)

Despite the frequent use of multiple linear-regression models in the analysis of
ecological data, these models are not well suited to modelling disease rates and
do not provide a good fit for most cancer and cardiovascular data sets. The
reason for this inadequacy is that the effecss of most ecological regressor
variates are likely to be nonadditive and nonlinear over the studied range.

Example 30. Most chronic disease rates vary so much with age that the effect of
ageing measured in terms of rate ratio {(in multiplicative modelling) is almost
always more closely constant over age spans than rate difference (in additive
modelling). A well-known occupational health example ol nonadditivity of
effects is that the joint asbestos and smoking effect on lung cancer rate is greater
than thal predicted by the additive model (some epidemiclogical data suggest
that the effect is between additive and multiplicative),

More importantly, even if a multiple-linear approximation to the ecological
regression appears to be good, nonlinearities in the individual-level regression
can lead to ecological bias (Greenland and Robins, 1994a).

Example 15 cont’d Testing the shape of the dose-response relation between
radon exposure and lung cancer mortality has to do with competing disease
mechanisms and thus is a topic of scientific inference. The cancer risk from low-
level radiation is usually estimated by use of a linear no-threshold theory which
assumes that a smngle particle of radiation hitting a single biological cell can
initiate cancer. The number of these initiating events would then be proportional
to the number of particles and hence the dose. This theory of radiation
carcinogenesis has been rivalled by another theory that hypothesises an
ecological relation with a threshold based on the notion that biological defence
mechanisms prevent numerous initiating events from developing into cancerous
cells. But deciding between alternative hypotheses is alse a matter of statistical
inference, and it raises methodological concerns whether ecological analysis can
validly be applied to such testing (Greenland and Morgensiern, 1991, 1992,
Greenland and Robins, 1994a, 1994b, Richardson and Hémon, 1991). Cohen
(1990a, 1990b, 1990h, 1992, 1994, 1995) argued against the linear no-threshold
theory, and used data from U.S. counties to reject the hypothesis. In the multiple
linear-regression model (Model 6) assumed by Cohen in his analyses, the effects
of aql! predictors, the radon exposure variate F and the vector of potential
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confounders C, are additive. Cohen considered as predictors a total of 54 socio-
economic factors as well as physical factors such as geography, altitude and
climate. Yet, as pointed out by Greenland and his coworkers, nonlinearities or
nonadditivities in the underlying individual-level regression can bias the
ccological test of the linear no-threshold hypothesis toward rtejecting the
hypothesis; for example, age and smoking have strong nonlinear and nonadditive
elfects on lung cancer (Doll and Peto. 1978). Thus, when representing the
confounding factors and interaction terms in the ccological regression model, the
analyst has io consider all the available biclogical and individual-levei
epidemiological evidence to avoid bias in the risk estimates.

The choice of the regression model form also has implications on the
epidemiological inferences. In linecar-additive models, the estimated values of
the disease rate parameters must be restricted so that they predict positive rates.
To overcome the possible problem of extrapolation to negative values for rates,
a logarithmic transformation of the rate parameter can be used (see Section
2.5.3 below). This transformation implies, however. that all continuous terms in
the multiplicative model assume an exponential relation to one another. It is also
dufficult to find foolproof programs to fit these models. Fortunately, the
important advances in the generalised Jinear (McCullagh and Nelder, 1983) and
additive (Hastie and Tibshivani, 1990) models have opened new possibilities for
more versatile modelling of ecological data.

2.5.2 Linear Model with Threshold

A linear model with an exposure level below which there is no increase in
exposure-effect over the background effect can be taken to represent a form of
nonlinearity, viz. a linear model with a threshold, also called a broken-line, or
‘hockey-stick”, dose-response curve (see, e.g., Yanagimoto and Yamamoto,
1979)

Re=a +8 (Eg—c) %)

where o represents the background prevalence rate, £ is the coefficient of
exposure effect, ¢ is the estimated threshold exposure, and (£, - ¢ ) =

max{, E g — £} Consider next the effect of measurement error on the
occurrence relation showing this special pattern of nonlinearity.

Example 31. Crude ecological data might look like those shawn in Figure 2.7.
Clearly a simple hnear model would not provide a good fit for these data,
Unexpectedly, a hockey-stick regression with &= 1.0 ,f?= G 135and £= 16 ppm
does pot fit very well either because of the dispersed scatterplot. Yoshimura
{1990) analysed and interpreled a part of the health survey data from the Japan
Environment Agency {1986), which depicted a pattern sumilar to the ones shown
in Figure 2.7, under a measurement error madel far exposure.

=
h
1
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Suppose, first, that the unexpectedly wide dispersion arose from the exposures
being observed with crror. Suppose furlher that the parameters of the above
hockey-stick relation model were eslimated without accounting for the
measurement error; that is, the actual exposure levels were lreated as fixed values
representing the unknown true concenirations. If the measurement error is
ignored despite its actual existence, the true desc-response relation is likely o be
estimated with error.

This model misspecification can have treacherous implications. Not only is the
observed dispersion in Figure 2 7 greater than what would be expected from the
confidence bounds (not shown}, but the apparent dose-response relation is also
incorrect, including the threshold location. The correct relation estimated under a
measurement error model for exposure is curvilinear in the exposure region
beyond the threshold value. Hence, this subtle model misspecification would
render the apparent linear model with a threshold defective for lhe purpose of
risk assessment.

Prevalence of Persistent Cough among Children {%)
3
L

Concentralion of Nitrogen Dioxide (Micragrams in Cubic Meter)

Figure 2.7. Hypothetical epidemiological data from an ecological study. The
exposure variate is the nitrogen dioxide (NO,) concentration (ug/m’) in the
ambient air, and the disease outcome variate is the prevalence rate (%) of
persistent cough among children in the study areas. The points denote the
observations. The nonlinear exposure-disease relation curve estimated (a)
ignoring the measurement error of exposure, (b) on a measurement error model.
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A scarterplot is an objective summarisation of the ecological data, but any
imputed patterns are the analyst’s subjective interpretations. A good analysis
will highlight and delineate the observational components of the data
summarisation process. To address specification error, one can use flexible
models (e.g., Fuller, 1987, Schwartz, 1994) and robust standard-error estimates
{White, 1982),

2.5.3 Exponential (Log-Linear) Model

A valid test of the no-effect hypothesis in ecological analysis can be done under
broader conditions than valid estimation of the magnitude of the effect.
Nevertheless, uncontrolled nounlinear (or nonadditive) effects may cause invalid,
test results, and such nonlmearities are often undetectable and impossible to'
control.

Suppose that the linear-additive Model 5 is used when, in fact, the true
regression for the outcome has an exponential (log-linear or multiplicative)
form:

R=expfa+E+6C) o logiR)=a+ JE+&C (8)

In individual-level studies, the direct remedy is to fit instead the exponential
model to the data so as to get unbiased estimates. In contrast, the ecological
analysis is problematic in that the fitting of the analogous exponential model

Re =exp(a*+f*Eg +5*Cy) ©

to ecological rates will, for example, yield a rate 1atio estimator exp(3*) that
does not equal the true rate ratio exp(fi} (Greenland, 1992).

Note, too, that a linear model approximates the true exponential model (based
on Taylor's theorem) only if the exposure effect expff) is small aver the range of
all the regressor variates; such a situation is not likely to be encountered in most
ecological settings.

Neither does the ecological mode] based on the “aggregation theorem’

logR, = a + BE, +5C, {10)

&

yield coefficients equal to those of Model § for individual-level data
(Greenland, 1992).
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2.6 Confounding

Failure to identify, measure (Section 2.4.3), or control (Section 3.3) important
covariates of the occurrence relation is known as confounding. This problem is
shared by cohort and case-referent study designs as well as all types of
ecological designs. However, the problem is more perplexing 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 (see, e.g., Nurminen, 1997a). If the latter conditions are mistakenly
applied in ecological studies, it can lead to omission of important covariates
from the analysis. As reminded by Greenland (1992), a covariate may be
ignored at the individual level but not on the ecological level, or vice versa.

There will be no ecological association of exposure distributions with disease
ouicome rates across groups if there are no exposure effects on either disease
risk or the distributions of other risk factors by group. This condition oceurs
even if, within each group, exposure levels are associated with the other risk
factors. (Greenland and Robins, 1994a.)

Example 32. Recall the air poliution and infant mertality study conducted in the
Czech Republic (Bobak and Leon, 1992). The ecological study found pollutant-
specific associations between neonatal mortality and measured atmospheric
pollution concentrations. The number of geographical districts included in the
study was rather large (z = 46). To analyse relatively homogeneous categories of
exposure, the districts 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 that there will be no residual confounding in this ecological study.
Moreover, it is the essential feature of ecological data that the available
information is average over the margins of a multivariate distribution of
exposures and covariates. Thus, il 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 tenable (i.e., the consistency
and magnitude of the adjusted relative risk cstimates).

If a covariate is unmeasured it will remain uncontrolled in the ecological
analysis, and a bias may result. The magnitude of confounding bias will hinge
on how much the conditions for no confounding are violated. The ecological
fallacy may be perceived as a general confounding by uncontrolled covariates
that are confounders at the ecological level but not at the individual level
(Piantadosi et al., 1988).
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2.7 Nonadditivity of Effects (Effect Modification)

The effect of exposure (£} on disease outcome can vary according to the level
of a covariate (C) termed effect modifier. These covariates introduce statistical
interaction with the exposure variate. Any individual-level study that records £
and C can analyse their interaction by including their product X = £ > (' in the
regression to form a non-additive extension of Model 5:

R=a+pPE+5C+9 X (1D
Unfortunately, the analogous ecological model

is in practice unusable because records of the averages of the product terms in
area g, X ., are not available from any survey or census information, and
therefore the coefficients of Model |2 cannot be estimated.

In an individual-level cohort study, omission of X for Model 11 induces no bias.
Greenland (1992) explains that this follows from the fact that the estimate of /5,
obtained from fitting Model 5 when Model 11 is correct, is consistent for a
weighted average of the covariate-specific rate differences. In stark contrast,
omission of X from the ecological regression Model 12 can lead to severe bias
when this model is correct: The summary estimates of rate differences and rate
ratios may even lie outside the range of their true covariate-specific values
(Greenland and Morgenstern, 1989; Greenland and Robins, 1994a).

Ecological bias caused by effect modification across areas can occur even when
the number of areas is very large and there are no across-area or within-area
associations of exposure with the covariate, and thus there is no confounding. In
contrast, effect modification cannot by itself produce bias in individual-level
analyses. (Greenland and Morgenstern, 1991.)

2.8 Noncomparable Standardisation

There is need for standardisation in ecological studies in epidemiology for
variates whose distributions are not constant across population groups. This is
important because published disease rates are nvariably age-standardised,
whereas published exposure rates are seldom standardised.
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Example 33. Since age is often asscciated 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 (1992) gives
an example based on actual data on the smoking - lung cancer relation which
may incorporate this bias. The U.S. death tates for lung cancer were age-
standardised, whereas smoking information was based on crude prevalences.
However, adjustment by gender is seldom an issue, since the gender distribution
is usuatly almost constant across population groups.

In regression analysis of ecclogical data, the covariates need to be murually
standardised using the same standard distribution as used for the disease
outcome, If a different standard (or no standardisation) is applied to the
covariates, the inclusion of the confounding variates in the regression model
may even aggravate the bias, Similarly, if only the outcome rate is standardised,
the bias may consequently increase. In addition, the exposure variate must be
standardised using the same standard distribution; otherwise standardisation bias
may result. (Rosenbaum and Rubin, 1984,)

2.9 Migration Bias

In the study of chronic diseases using ecological studies it is important to
consider the latency period. Ecological estimates of exposure may not
correspond to the etiologically relevant period for diseases with long latency
periods (recall Example 19). Dynamic (open) populations are characterised by
in- and out-migration which may render the exposure estimates at earlier times
poor proxies for the actual levels experienced by the study populations
providing the disease rates (Greenland 1992). Polissar (1980) has examined the
effect of population migration on the comparison of disease rates in the United
States. One way of tackling the problem of migration bias would appear be to
restrict ecological studies to more homogeneous populations. However, this
restriction may lead to a vicious circle, as it generally means that the studied
groups are smaller and, therefore, more easily subject to migration bias

Fxample 15 cont’d A data-analytic procedure to treat the migration bias is to
assume, for instance, that people have been exposed during a certain fraction, £
of their time to the levels in the studied areas, and for the remaining fraction, /-
to background or average exposure levels. Using this procedure Cohen (1995)
handled the migration problem to a ‘reasonable approximation” by modifying the
lung cancer mortality rates, and no correction to the radon exposure data was
deemed necessary.
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2.10 Incorrect Epidemiological Inferences

Failure to distinguish between the scientific object of an epidemiological
rescarch and the actual object of an empirical study {(exposure-disease
occurrence relation) may lead to incorrect inferences. In aetiological research,
the object of inference is the same for both ecclogical and individual-level
studies (i.e., effects in individuals). Whilst in individual-level studies the target
effects are at the same level as the units of analysis, the ecological analysis is
coarser. Consequently, an ecological study can vield biased results for
individual-level effects and still be unbiased for ecological effects. For
noncontagious diseases mostly studied in environmental and occupational
epidemiology, ecological effects may not be of direct interest, but may mask the
individual-level target effects.

Conversely, it is not uncommon to encounter arguments that ecological results
are unbiased because covariates are not confounders at an individual level, or
are not associated with exposure. It is nevertheless incorrect to infer that
ecological bias always stems from individual-level confounding.

The role of statistical methods in ecological studies is limited to the detection
and description of occurrence relations. The occurrence relation should not be
interpreted too ambitiously, and not necessarily studied quantitatively. The
scientific inference should then proceed to provide explanations for the
observed ecological data and criticisms of theories about the mechanisms that
generated the observed data (cf. Greenland, 1991).

Fxample 34. The stated purpose of an ecological study was to determine the
relationship between the risk of lung cancer mortality and ihe distance from the
nearest shoreline {(Ohtaki et al, 1996). Using a sophisticated (overdispersion)
regression model  the investigators analysed the city-specific standardised
mortality ratios (SMR) for lung cancer in Japan between 1979-1988. The
cxplanatory variates in the ecological regression were the distance from the
nearest shoreline to the ity office. the population size and the amount of tobacco
tax per person A highly significant negative relation between the SMR and the
distance from the nearest shoreline was detected after adjusting for the effect of
the ather covaniates. The conclusion of the study was that the sea hreeze may be
a risk factor for lung cancer. However, these ecological data did not inciude any
meteorological variates or other factors characterising sea breeze, nor did the
authors offer any biclogically plausible underpmnings o support their
conclusion {c¢f. Example 14). All in all. it 15 hard to believe thar this causal
hypothesis is true even thaugh the 2cological study came up with a significant
result.
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3. STRATEGIES FOR MINIMISATION OF BIAS

In the preceding section, the sources and directions of various biases were
considered. The primary strategy for the prevention of bias in ecological studies,
as in epidemiological studies in general, must be the design of a valid study. If
bias persists, there are limited statistical methods available for reducing bias in
the analysis phase. In the following discussion, the stress is on the correction for
bias by means of multivariate regression modelling techniques.

3.1 Coping with Model Assumptions

3.1.1 Influence and Sensitivity Analyses

Most ecological studies are descriptive, and as such can be classified as
exploratory data analysis. /nfluence analysis extends data description to
exploration of the sensitivity of data summaries or exposure effects. It is
informative, especially in ecological studies with small groups, to visualise the
impact of excluding some observations which stand out as statistical outliers.
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Figure 2.8. Hypothetical data on lung cancer mortality rates (deaths per 10°
person-years) plotted against regional pollution levels (PM10, the mass, in
pg/m’, of airborne particles with a diameter less than 10um}, with ecological
regression lines (a) ncluding all regions and (b) excluding outlying regions
(marked +).
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Example 33. Consider the hypothetical data in Figure 2.8 with lung cancer death
rates (per 10° persons) plotied against regional pollution (NQ,) levels (mg/m®).
Assume that there is no confounding by age, sex, or smoking, and that the
pollution levels are homogeneous within each region. The linear regression line
has a negative coefficient. In Figure 2.8, a cluster of five contiguous regions
{marked +) protrude with therr very high lung cancer mortality and their low
pollution level, After the exclusion of these five influential observations
(outliers) there appears to be no relation.

Because ecological estimates are sensitive to biases, one should fit multiple
regression models in an ecological analysis. especially when the true model
form is unknown. Unfortunately, the parametric model for risk of disease is
almost always misspecified in practice. Greenland (1979} points out in the
context of discussing the limitations of the logistic analysis of epidemiological
data, that *... as with all statistical models. there is a danger that the ease of
application of the model will Jead to the inadvertent exclusion from
consideration of other, possibly more appropriate models for disease risk.’ The
choice of the model form has consequences on the effect estimates because of
the frequent need in risk assessment for extrapolation to zero. In a sensitivity
analysis, the model forms are varied to check the invariance of the results under
new distributional assumptions.

80 100 120 140

60

40

Lung Gancer Mortality Rate {per 100,000 Perscns)
20

0 2 4 6 8 10
Cwareties per Day

Figure 2.9, Hypothetical data on lung cancer mortality rates (deaths per 10°
person-years) plotted against regional daily consumption of cigarettes, with
fitted (a) linear and (b) exponential ecoiogical models.
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Example 36. In Figure 2.9 there is a fairly good fit of both the linear and
exponential model on the hypothetical data. The exponential estimates are lower
than the linear ones in the middle cigarette consumption range, whereas the
baseline mortality rates for nonsmokers given by the two models are quite
different.

3.1.2 Use of Robust Procedures

An answer to the uncertainty about model specification is to employ robust
methods (i.e., methods that function better than usual methods when the
assumptions underlying usual methods are violated). Random-effect models can
be used when the distribution of observations under the usual probability model
show overdispersion: The mean exposure levels can exhibit extra (Normal)
variation, or the disease occurrences can exhibit extra (Poisson) variation.

Example 37 A probability modcl can assume that an exposure measurement (£)
is a realisation of the random variate E so that Jog(k) follows a normal

(Gaussian} distribution N{log(m), a®}, where m is the true mean exposure level

and ¢° is the true variance of E. The parameters s and o describe the form of
the exposure distribution. When the regions in an ecological study are purposely
selected, the m values can be regarded as fixed and sel 1o equal the respective
average observed exposures representing the true exposure levels for the
particular areas. Alternatively, when the regions are randomly sampled from a
larger geographical area, the m values can themselves be taken as having prior
probability distributions (e.g., uniform over the actual exposure range). On the
other hand, random effects models should not be employed indiscriminately as
they ean cbscure important data patterns and divert attention from sources of
heterogeneity in a sampling design. Such models should only be used as a final
step, when extra variation remains after thorough investigation of the within-
sample heterogeneity.

Example 38, An example of data smoothing is shown in Figure 2.10. The strong
seasonal pattern, which is indicated by the robust, nonparametric, smooth
sinusoidal curve (Cleveland, 1979) in Figure 2.10a, is problematic for the
classical Pojsson regression model for daily counts of deaths. To account for
overdispersion and seral correlation, the generalised additive (Poisson
regression) model can be estimated (see, eg., Schwartz, 1993). Here
overdispersion refers to the increase in the variation of mortality counts that can
oceur when the study base population 1s not homogencously at risk of death.
Serial correlation refers to a situation where mortahty counts close in time are
correlated The trigonometric regression adjustment for the temporal pattern
removed the nonlinearitics from these data, as is shown hy the smooth line in
Figurs 2.10b.

Another proposed remedy is to use empirical Bayes methods which can
successfully deal with several epidemiological problems such as disease
mapping, smoothing of unstable rates, and screening of multiple associations
{Greenland, 1994).
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Daily Deaths

Adjusted Daily Deaths
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Mean daily deaths in a population of 300,000 plotted against

time over a period of 3 years, with the smoothed lines indicating (a) a strong
seasonal pattern and () a seasonally adjusted pattern. Each dot represents ihe
count of deaths on one day. Simulated data under a Poisson error model.
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3.2 Correcting for Nondifferential Misclassification

Brenner and Greenland (1992) have provided a general method of adjustment
for nondifferential misclassification of a binary exposure variate {e.g., smoker
or nonsmoker) and disease outcome in ecological {(group-level) regression
analysis. They derived simple correction formulas for the ecological regression
estimates of risk difference and risk ratio. This method uses the concepts of
sensitivity and specificity of exposure / disease outcome / confounder
measurement.

3.2.1 FExposure

For linear regression under Model 6, the corrected rate difference estimator is
BtSe(E) + Sp(E) — 1}, where Se(E) and Sp(E) stand for the sensitivity and
specificity of classification of a binary exposure (£) variate. Recall that the
coefficient # from the linear regression of the rate on the observed exposure
prevalence across areas equals the rate difference, RD.

The corresponding corrected estimator of the rate ratio based on linear
regression is [a + f{Se(E)}] /fa + {1 —Sp(Ei}]. A more stable rate ratio
estimator may be obtained from a log-linear regression; the corrected estimator
is expflog(f*){Se(E) + Sp(k) — 1}], where the estimate of #* is obtained from
the ecological regression under Model 9,

Unfortunately, estimates of sensitivity and specificity are usually not available.
Nevertheless, the above corrections can be applied with plausible pairs of values
of Se and Sp to get insight into the possible magnitude of misclassification bias.

3.2.2 Disease Outcome

Greenland and Brenmer (1993) gave correction formulas for nondifferential
misclasgification using a linear regression of the disease rate R on the observed
exposure prevalence E, R = a + SE, where « is the intercept and § is the
coefficient of the regression line across regions. The corrected rate difference
estimator is f/SefD), where Se(D) stands for the sensitivity of disease
¢lagsification. The final estimator that takes into account both the disease and
exposure misclassification then becomes 8{Se(L) + Sp(E) — 1}/Se(D).

With disease misclassification the linear RR estimator is given by I + {Se(D)}8/
[d + {Se(Dj}a ], where Se(D) is the rate of true positive diagnoses (sensitivity)
and d is the rate of false positive diagnoses under a Poisson model for disease
incidence. However, the net bias, taking into consideration both disease and
exposure misclassification, is difficult to predict.
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For the log-linear regression, the corrected rate ratio estimator is the exposure
coefficient estimated from a linear regression of R* = log{exp(R) — don £ The
resulting exposure coefficient is denoted by #*, The final corrected estimate of
the rate ratio is then simply *{Se(E) + Sp(E) — [}

3.2.3 Confounders

Nondifferential misclassification of a confounder indicator does not reduce the
ability to control confounding by the covariate in ecological studies. Brenner et
al. (1992a) showed this by considering the generalised linear regression model
of the form:

HR)=a+pBE+6C (13)

where /(R} is some link function, such as the logarithm, which links the disease
rate R to the exposure prevalence £ and the confounder prevalence C via the

regression parameters «, § and &, Let Se(C) and Sp(CJ denote the sensitivity and
specificity of individual confounder classification {assumed nondifferential and
independent). The correct confounder in terms of the misclassified estimate, C*,
is {C* + Sp(C) —1}/ {SefC) ~ Sp(C} — 1. Thus, by substituting this expression
for C into Mode! 13, one oblains:

UR) = [e+ 6 {Sp(C) — 1}/ {SefC) + Sp(C) — 1}]
+BE -+ 6C*/ {Se(C) + Sp(C) — .1} (14)

Thus, confounder misclassification does not bias the exposure coefficient Ain
the regression. It follows that, in the linear model, misclassification does not
hinder the confounder control by the binary covariate.

Example 39, Suppose that a linear ecological regression of lung cancer rate (R)
on population exposure te air pollution (2) and population smoking prevalence
(5) were estimated as R =2 + [/ = 2 -+ 3 » §% where 5* 15 the misclassified
estimate ol § Assuming that the sensunaty and speaifieity of indvidual smokmg
classification (smoker / nonsmoker) were estimated by a sample survey to equal
0.9, then the corrected regression coetticient for smoking would be calculated
(using Model 14) o be 3409 + 0.9 — 1} = 3.75. Thus, the uncorrected
coefficient for smoking would be reduced by 100 = (3.75 — 3 0W/3.0% = 25%.
The adjusted regression equation would become R=8 625+ /] x P+ 3.75% §*

The regression coefficient for pollution exposure remains the same, so that the
adjusted relation between lung cancer rate and aw pollution would not be
affected by incamplete control for confounding due te nondifferential
misclassification of the binary smoking variate.
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For covariates measured with more than two levels, the effects are more difficult
to predict. For example, control for mean smoking after misclassification can
produce a more biased estimate of effect than no control. On the other hand,
adjustment by regression for both mean smoking and proportion of smoking can
make the biased estimates by smoking misclassification move towards the true
effect measure (i.e. toward the null}.

3.3 Controlling for Confounding

In general, the control of confounding in an ecological study is more demanding
than in an individual-level study because the measurement process for
confounders is much more complicated. Similarly to an individual-level study,
the ecological approach entails the problem that the crude measurement or
approximate measure for a confounder may be inadequate for achieving full
control.

Example 40 A smoking indicator (smoker / nonsmoker) may be inadequate for
the control of confounding in ihe analysis, even if the indicator were measured
without error. For complete control, a detailed summary of the full smoking
history of an individual would be needed. In an ecological study, contrary to an
individual-level study, the control of confounding requires the summaries of the
distributions of smoking histories for all individuals in each region, Simple
summaries such as the proportion of smakers or the mean level of smaking are
usually not sufficient to contrel for confounding

Moreover, for potential confounders, such as diet, smoking and other life-style
factors, multiple summaries of the joint distributions are needed for effective
control. Unfortunately, the within-group joint distribution of the covariates is
rarely available in ecological studies. In particular, the marginal summaries that
may be available may prove to be too crude to provide effective control. If,
however, confounder information is available in the disease registration system,
then the analysis can be improved by stratification by the covariate (Plummer
and Clayton, 1996).

This problem of confounding is aggravated if nonlinearity or nonadditivity of
effects by the covariate is present (Section 3.4). Ecological covariate summaries
can be inadequate to detect and contro] confounding by a covariate with
nonlinear effects, and also when the effects are not additive {(i.e., in the presence
of effect modification). In addition, the covariate terms in the regression
function must be standardised to the same distribution as the disease and
exposure {Section 3.5).

_58-



2 — ECOLOGICAL ANALYSIS

3.4 Modelling for Nonadditivity of Effects

‘When important nonadditivity and nonlinearity is expected among exposure and
covariate effects, multiple summaries of joint covariate distributions are needed
for adequate control. Fortunately, the {itting of the ecological regression model

— * *— *— *— -
Re=a +B Eg48 Cot+ 8 CexEy (15)

can yield unbiased ecological risk estimates when Model 11 holds and £ is
uncorrelated with C within groups, because then the product of the group
averages of exposure and modifier equals the average of their products
X, =0, £, (Richardson and Hémon, 1990) But, product terms in

gcological regression can be inadequate to improve the problem of effect
modification: If, £ and C are correlated within areas, then C will be a
confounder on the individual level, and thus requires control. This correlation
will also then invalidate Model 135, and may cause uncontrollable bias in the
ecological relation. (Greenland and Morgenstern, 1989%; Greenland and Robins,
15944.)

3.5 Comparable Standardisation

If, under the linear-additive model, the exposure-covariate-specific means are
adjusted to the same distribution of some standard population S, then the
standardised rate in group g is

Ry =ay+f Eg (16)

where the intercept o, depends on the mean age of the standard population, and
£, is the mean exposure in group g standardised to § (Greenland, 1992). Thus,

for instance, mutual standardisation produces an unbiased estimator, 3, of the
rate difference for a binary exposure (£ = 7 versus £ = ().

Example 41 A good teference of a sampling survey in which mutual
standardisation was used is a German ecological studyv on lung cancer mortality
and smoking among women (Becker, 1984). Both the cancer rates (1976-1980)
and the smoking prevalences (1978) in the 30 administrative districts were age-
standardised to the world standard population.

1
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4. CONCLUSIONS AND RECOMMENDATIONS

Ecological studies are based on a distinct methodological approach which sets
them apart from individnal-leve] epidemiological studies. Either in designing or
analysing ecological studies, or in critically evaluating the end-results of such
studies, a number of specific factors thus have to be considered (see
Morgenstern, 1982; and Greenland, 1992):

L.

Ecological studies are much more sensitive to bias from model
misspecification 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 a covariate not to be a confounder differ in individual-level
and ecological analyses. Thus a covariate may be ignorable at the individual
level but not at the ecological level, or vice versa.

In contrast to individual-level studies, independent and nondifferential
misclassification of a dichotomous exposure usually leads to bias away from
the null hypothesis in ecological studies.

Failure to mutually standardise disease, exposure, and covariate data for
other confounders (not included in the regression model) can lead to bhias.

There is no ecological method available to identify or measure ecological
bias. Although this conclusion may sound like a general downgrading of
ecological studies, it is not; it does, however, highlight the outstanding
problem encountered in ecological studies.

In the design of an ecological study select arcas with populations that:

e are as homogeneously exposed as possible (i.e., minimize within-area
exposure variation) by sampling smaller units for the analysis

» represent different extremes of exposure distribution (i.e., maximize
between-area exposure variances)

* are comparable with respect to covariate distributions.

In the analysis of ecological data:
o 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.

~&0 -
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¢ Examine multiple regression models with different and flexible structural
forms beyond the standard linear form — such as exponential and
product-term models, and nonparametric, smoothed curves.

= Test the basic assumptions in the model (i.e., the robustness of estimation
techniques).

« Consider the ecological implication of different individual-level model
form specifications.

+ Conduct an influence analysis by examining the effect of deleting from
the analysis vartous areas with unusual outcome, exposure, or covariate
combinations.

¢ Conduct a sensitivity analysis of ecological estimates to misclassification

s 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.

s Accompany ecological analysis by thorough consideration of biases
unique to such an analysis, and to biases comman to all epidemiological
studies.

. Finally, a general suggestion: Whenever feasible supplement approximate

aggregated data with accurate data at the individual level in a hybrid
epidemiological analysis.
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GLOSSARY

ADDITIVITY OF EFFECTS An assumption that rate differences for exposure
effect are constant across covariate levels.

ADDITIVE MODEL A model used in epidemiology, the structural form of
which implies that the disease rate (R) is a linear function of an intercept
term (&), an exposure effect (AE), and covariate effects (8C): R=a + §E +
& C. Expressed equivalently, the rate difference (RD) for the effect of a unit
increase in exposure is constant across covariate levels and equal to the
exposure coefficient #: RD =pf. For example, the joint effect of two
dichotomous exposures E, and £, (coded 1 = exposure present, 0 = exposure
absent) on the rate difference is the sum of their singular effects:

RD =fa+B(E =1)+B(E =1)+ 6C]
—[fa+B(E =05 (E =0+ gCf
:ﬁl +'ﬁZ :RDI +RD2

hence the term additive model.

AGGREGATION BIAS  The failwe of aggregate- (ecological-) level
association to properly reflect individual-level associations. Aggregation
bias occurs when data are aggregated (or collapsed) ignoring the subgroups
of data from which individual observations came.

BACKGROUND RATE (of discase) The rate in the unexposed.

BIAS In an epidemiological context, bias is the failure of a crude (or partially
adjusted) measure (of association or trend) to properly quantify the true
magnitude of an exposure effect (e.g., due to ditterences in the distribution
of extraneous risk factors among the exposed and unexposed).

CONFOUNDER MISCLASSIFICATION Error in measuring a confounder that
is coded as a class (e.g. binary) variate. Misclassification is nondifferential,
if the confounfer misclassification is independent of both the disease and the
level of the exposure.

CONFOUNDING Bias in estimating exposure effects that can result from the
omission of important covariates from the analysis if those covariates are
associated with both exposure and disease.

CONFOUNDING VARIATE An excluded covariate is not a confounder if,

conditional on the included covariates, its omission does not affect the
analysis of an exposure-disease relation.
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1. In individual-level analysis, the conditions for a covariate not being a
confounder are that it is either (i) not associated with the exposure level at
the individual level or {ii) not associated with the disease rate at the
individual level.

In ecological analysis, the differing conditions are that the mean value of the
covariate in a region either (i) is not associated with the mean exposure level
across regions or (ii) is not associated with the mean disease rate across
regions.

2

CROSS-LEVEL BIAS An incorrect extrapolation from unbiased estimates of
ecological effects to unobserved individual-level effects. See
AGGREGATION BIAS.

DATA ANALYSIS The separate phases of data summarisation. smoothing, and
inference.

DATA SMOOTHING The combination of data with a model to obtain values
expected under the model.

DATA SUMMARISATION  The graphical display of data and simple
numerical summaries (such as sample means).

DISEASE OUTCOME MISCLASSIFICATION Error in disease diagnosis,
either in detecting a true positive (sensitivity) or making a false positive
diagnosis.

ECOLOGICAL ANALYSIS Analysis of aggregated or grouped data.

ECOLOGICAL BIAS See AGGREGATION BIAS.

ECOLOGICAL FALLACY See AGGREGATION BIAS,

ECOLOGICAL STUDIES In epidemiclogy, studies on the relationship of the

health of groups ot people to their environment.

EFFECT MODIFICATION Variation in the magnitude of effect measure
across levels of a third variate (i.e. nonadditivity of effects).

EXPONENTIAL MODEL A model that assumes a curvilinear relationship. For
example, with increasing exposure levels, the rate measure of exposure

effect on disease occurrence changes exponentially.

EXPOSURE In the context of ecological studies, an index category of an
environmental risk factor.
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EXPOSURE MISCLASSIFICATION Error in measuring exposure that is
coded as a class (e.g., binary) variate.

1. Nondifferential exposure misclassification occurs if the sensitivity and
specificity of measurement do not vary with any other study variates (disease
outcome, covariates, grouping).

2. Independent exposure misclassification occurs if sensitivity and specificity
of measurement vary according to whether other errors have been made
(e.g., misclassifying cases as noncases or vice versa).

GROUP VARIATE The variate used to define the ecological groups.

INDIVIDUAL-LEVEL STUDIES Epidemiological studies based on
individuals as sampling units (e.g., cohort and case-referent studies).

INFERENCE See 1. SCIENTIFIC INFERENCE; 2. STATISTICAL
INFERENCE

LAG A disease event occurring at time #+4 (k>0) is said to lag & units of time
behind an exposure event at time £.

LATENCY PERIOD The time span from the start of the first exposure to the
diagnosis of the chronic disease indnced by the exposure.

LINEAR MODEL A model that assumes a straight line relationship. For
example, with increasing exposure levels, the rate measure for the exposure
effect on disease occurrence changes linearly.

MEASUREMENT ERROR MODEL A model that assumes a probability
distribution model for the observed measurement. By contrast, a model that
ignores measurement error treats the observed values as fixed constants.

MULTIPLICATIVITY OF EFFECTS An assumption that rate ratios for
exposure effect are constant across covariate levels.

MULTIPLICATIVE MODEL A model used in epidemiology, the structural
form of which assumes that the disease rate () is an exponential function of
an intercept term (@), an exposure effect (#£), and covariate effects (8C): R
= exp(a + f E + § C). Expressed equivalently, the rate ratio (RR) for the
effect of exposure is constant across covariate levels and equal to the antilog
of the exposure coefficient: RR = exp(f}). For example, the joint effect of two
dichotomous exposures £ and £, (coded | = exposure present, O = exposure

absent) on the rate ratio is the product of their singular effects:
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RR=expla~+fi(E, = 1) + B(E = 1)+ 6C]
lexpla+B(E =0) +f(E =0)+ 6C]

= exp(ﬁj +_/32) = exp@ﬁ’j/} xexpg?j) = RR} xRR,
hence the term multiplicative model.

RATE (RISK) DIFFERENCE Difference of risk (rate) between two categories
of a determinant. e.g. the risk of disease among the exposed minus that
among the unexposed.

RATE (RISK) RATIO Ratio of risk (rate) between two categories of a
determinant, e.g. the risk of disease among the exposed divided by that
among the unexposed

RISK. FACTOR A causal determinant of an untoward event (e.g., disease
outcome). A trichotonty comprising environmental, behavioural, and
constitutional risk factors.

SCIENTIFIC INFERENCE The process that concerns derivation of logically
coherent explanations for patterns detected by statistical methods; and
criticisms of proposed explanations. The explanations are specific theories
of causal mechanisms of how the observed data came about.

SENSITIVITY
1. The probability of an exposed individual being classified as exposed.
2. The probability of a diseased individual being classified as diseased.

SPECIFICATION BIAS A bias with a dual meaning;

1. Component of the ecological fallacy: the confounding effect of a group
vartate, which occurs if a covariate is differently distributed by group, or if
there is some property of the ecological subgroup that is correlated with the
disease rate.

Regression model misspecification: the bias that results when an incorrect
regression equation is chosen instead of the true structural form of the model
for the individual-level or ecclogical data; model misspecification induces
ecological bias (as does exposure misclassification, ete.).

[

SPECIFICITY
L. The probability of an unexposed individual being classified as unexposed.
2. The probability of a disease-free individual being classified as disease-free.

STANDARDISATION BIAS The bias that results in ecological studies, if
some but not all the relevant variates in a regression have been standardised,
or if different variates have been standardised to a different distribution,



HEADLAMP — TECHNICAL GUIDELINES

STATISTICAL INFERENCE Methods of statistical inference used for
comparing data to patterns, and for constructing patterns from data

{smoothing).

THRESHOLD An exposure {or dose) level below which there is no increase in
exposure-effect (or dose-response) over the background effect.
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