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Abstract

In typical small-area studies of health and environment we wish to make inference on the rela-
tionship between individual-level quantities using aggregate, or ecological, data. Such ecological
inference is often subject to bias and imprecision, due to the lack of individual-level information
in the data. Simple regressions of area-level mean outcomes on area-level mean exposures are
usually biased. Well-specified models for the group-level outcomes account for the within-area
distribution of exposures. Theecoregpackage can be used to fit this class of models for ecological
inference from aggregate data. In addition, full outcome and covariate information from a survey
of individuals within the areas can be used to improve bias and precision.ecoregcan be used to
analyse ecological and individual data simultaneously usinghierarchical related regression.

1 Ecological inference

Ecological studies analyse data defined at a group level, but aim to make inferences about the indi-
viduals within the groups. To make reliable individual-level inferences from these studies, a number
of problems must be overcome. One crucial difficulty is that the group-level exposure-response rela-
tionship may not reflect the individual-level relationship, a problem known asecological bias, or the
ecological fallacy. See, for example, [1], [2], [3], [4] for discussion of these issues.

Denote the outcome count in areai, with populationNi, by yi. To modelyi in terms of expo-
sures measured as aggregate-level summaries, the usual model is a simple binomial regression on
the area-level covariate meanszir. With binary covariates,zir is the proportion exposed over the
area. However, this only models the relationship between theaggregateexposures and outcomes. It
is only justified as a method of estimating individual-level relationships if all individuals in the area
have the same covariate value, or there is the same exposure-response relationship at the individual
and aggregate levels, which is generally only true for linear models. With non-linear models, such as
Binomial or Poisson models, using the same model form at both levels will lead to ecological bias
[1].

Despite these problems, aggregate datacanprovide information about individual-level relation-
ships. As the ratio of the between-area to the within-area variability of the exposure increases, the
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aggregate data summarise the true distribution of the exposure more accurately, and contain more
information about the true individual-level exposure-outcome relationship. With sufficient exposure
information, and withcorrectly-specifiedmodels for the mean outcome ([1] [5] [6]), ecological bias
can be reduced to negligible levels.

In general, successful ecological inference requires samples of individual-level data within areas.
Individual exposure data are usually required to reduce ecological bias by accounting for the within-
area variability of exposures. But further improvements can be made by using samples of exposures
and outcomesfor selected individuals, as discussed by Wakefield [7] for 2× 2 tables, and more
generally by Jacksonet al.[8].

2 Models for aggregate and individual data

The models we describe here are also described in the papers by Jacksonet al.[8] [9].

2.1 Individual data

We begin by specifying the form of the relationship between the individual-level risk of the binary
outcome and the covariates. If individual-level exposure and outcome data are available, this is used
to model them. It is also used as the basis for an equivalent model for the aggregate data. The risk
pij of the individual-level outcomeyij for thejth individual in areai is assumed to be a logit-linear
function of the covariates. The most general model we consider is

logit(pij) = µi +
∑

r

αrxir +
∑

r

βrzijr + γsij (1)

wherexir are group-level covariates, andzijr are individual-level covariates. The group-level covari-
ates may include descriptions of the socio-economic status of the area, or the health service provision
in the area. Individual-level covariates might comprise individual behaviours such as smoking, de-
mographics such as ethnicity, or individual indicators of wealth and social class. Individuals may be
influenced by the overall average exposure in the area, in addition to their own, so that the group-level
variables may include the means of certain individual-level variables.γs represents an additional con-
tribution to the baseline risk for an individual occupying one of several stratas, usually defined by
age and sex.

The baseline riskµi may be fixed atµ or considered as a random effect with some distribution
across areas. This can account for any remaining overdispersion and heterogeneity between areas,
after adjusting for observed area-level variables. A random effect also allows the borrowing of infor-
mation across areas and can stabilise estimation from areas with small populations [10].

2.2 Aggregate data

2.2.1 Marginal model

Suppose the area-level exposures have been estimated from a survey. For example, in the UK census,
aggregate data on social class and education are calculated using a 10% sample to maintain confiden-
tiality. The proportion of smokers in the area might also be estimated from sales figures instead of
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a census. Then, individual outcomes can be assumed to be independent and identically distributed,
with risk equal to some marginal “group-level risk”pi. We assume

yi ∼ Bin(Ni, pi), (2)

wherepi is determined by integrating the individual-level model over the joint within-area distribution
of covariates [1, 5]. Thuspi is the average risk for an individual in groupi.

pi =
∫

pij(x)fi(x)dx = Ex(pij(x)|i) (3)

For asingle binary covariate, observing the proportion exposed gives us enough information to
estimate a binomial within-area distribution. Forcontinuous covariatesthe mean is not sufficient to
estimate the within-area distribution, and we generally need samples of individual covariate data to
be able to estimate the within-area variability. Formultiple binary covariatesthe joint distribution
is estimated by the cross-classification of individuals between covariates. Typical census data do not
usually have this cross-classification, and we need individual data to estimate it.

2.2.2 Conditional model

An alternative to the marginal model was proposed by Wakefield [7]. The binomial model (2) is based
on the assumption that each individual in groupi has an identical marginal probabilitypi of outcome,
integrating over their unknown exposures. If the binary exposure is known forall the individuals
in the area from a full population census, but not necessarily coupled with exposures for the same
individuals, then these should be conditioned on, leading to a likelihood based on a convolution of
binomial distributions. The exact likelihood is related to the extended (or non-central) hypergeometric
distribution, however Wakefield describes a more computationally convenient normal approximation.

2.2.3 Binary covariates

For clarity we demonstrate the marginal model for 3 binary covariates, however the framework ex-
tends immediately to any number of binary covariates. The integral to obtain the group-level risk is
equivalent to a sum. Each individual falls into one ofS×23 categories, defined by the distinct combi-
nations of the 3 covariates and theS age-sex strata, and indexed byk. Let φik be the probability that
an individual occupies categoryk. Let qik be the probability of the individual outcome conditionally
on occupying categoryk. Rewriting the indexk as{k1, k2, k3, s}, wherekr (0 or 1) indicates the
presence or absence of covariater = 1, . . . , 3.

pi =
∑

k

φikqik =
∑

k1,k2,k3,s

φ{i,k1,k2,k3,s}q{i,k1,k2,k3,s}. (4)

The outcome model conditionally on the unobserved category is

logit(q{i,k1,k2,k3,s}) = µi + logit(es) +
∑

r

αrxir +
∑

r

krβr (5)

The effectβr of the binary individual-level covariater only enters into this equation when the co-
variater is present. This is a generalisation of the model presented for two covariates by Lasserreet
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al.[11], except that the outcome is assumed to be non-rare and binomial instead of Poisson.logit(es)
is a fixed offset, wherees is the risk of the outcome in stratums, estimated from national population
data. This is similar in spirit to “indirect standardisation”, see, for example, [12]. If population and
outcome totals are available for strata within areas, then we could generalise this to a separate bino-
mial model for each stratum within area, with coefficients for the other covariates shared between the
models, assuming no stratum-covariate interactions. It is also important to check whetherexposures
are correlated with strata. If not accounted for, this can lead to “mutual standardisation bias” [13].

We normally replaceφik in (4) by an estimatêφik. Ideally this would be the proportion of individ-
uals in areai occupying categoryk. But typical census data are not sufficient to know the complete
cross-classification of individuals between all of these covariate and strata categories. Usually, our
only information is the marginal proportions of single covariates, for example, the proportionφ

(1)
i of

individuals who are economically inactive. If we assume that the covariates are independent, thenφik

can be estimated by the product of the proportions of individuals occupying each marginal category
definingk. But generally, socioeconomic indicators, such as unemployment and social class, are
highly correlated. [11] demonstrated that, in a typical case, bias is negligible when the joint covariate
distribution is estimated by the product of the two marginal distributions, even when the covariates
are correlated. However we may wish to study more than two covariates.

To estimateφik we can often use a combination of marginal proportionszir and individual co-
variate datazijr. In the context of the UK census, for example, these correspond to district-level
aggregate data and the Samples of Anonymised Records. LetCik be the number of individuals in
areai in this individual-level dataset occupying categoryk, computed from thezijr. We use the
following two principles. Firstly, the estimated̂φik corresponding to categoriesk in which binary
covariater is 1 must sum tozir. Secondly, the ratio of estimateŝφik

/φ̂il
must be the same as the

ratioCik/Cil. This gives, for example, whereR is the set of categories in which covariater is 1,

φ̂ik = Cikzir/
∑
l∈R

Cil (6)

2.2.4 Continuous covariates

Suppose now the individual-level model (1) depends only on an intercept and one continuous covari-
atexij . The ecological data consist of the within-area meanmi of xij . In some cases, as well as the
within-area mean, we may also have an estimateŝ2

i of the within-area variance ofxij , for example,
from geographical modelling of an environmental exposure surface (e.g. Bestet al.[14]). Then we
suppose that these exposures are normally distributed, withxij ∼ N(mi, s

2
i ). If an exposure is not

naturally normally distributed, it can often be transformed to normality. We can then calculate the
area-specific risks (3) by integrating overfi, here the density function of the normal distribution.

pi =
∫

expit(µi + βx)fi(x)dx (7)

Our assumed underlying model forpij(x) is a logit-linear model on the exposures (10). In this case,
the integral is not available in closed form. However, if we approximate the logit by a probit link
function, then (7) evaluates to

pi = expit
{

(1 + c2β2s2
i )
−1/2(µi + βmi)

}
(8)
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wherec = 16
√

3/(15π) (Salway and Wakefield [15]).
If, instead, we were using a Poisson model for a rare outcome,yi ∼ Pois(Nipi), and a log-linear

individual-level modellog(pij) = µi + βxij , then the integrals can be evaluated explicitly without
an approximation. Instead of (8), we would have (see, for example, [1])

pi = exp
{

µi + βmi +
β2s2

i

2

}
(9)

These methods generalise to multiple jointly normally-distributed covariates.

2.2.5 Semi-parametric approach

We have described a fully parametric model for ecological inference. Prentice and Sheppard [6] de-
scribed an alternative semi-parametric approach based on estimating functions. This is often simply
called theaggregate datamethod. Suppose a sample of covariates (binary or continuous) are avail-
able from a subset ofni individuals, but not the corresponding outcomes on the same individuals.
Broadly, the mean and variance of the total disease countyi are calculated in terms of anaggregate
risk 1

ni

∑
j pij . pij is the risk for individualj in areai, conditionally on their covariate values. This

method is not currently implemented inecoreg. This approach does not require a within-area distrib-
ution to be specified for the covariates. It requires samples of covariate data as an explicit part of the
model. On the other hand, the parametric approaches described above, and implemented inecoreg,
require individual covariate data implicitly to estimate an appropriate within-area distribution.

2.3 Combining aggregate and individual data

To summarise the model for the ecological data, we have a binomial model (2) for the area-level
outcomeyi. The corresponding area-level riskpi is calculated explicitly in terms of the transformed
group baseline riskµi, the individual-level covariate effectsα andβ, and the within-area distributions
of the covariates.

It is easy to extend this model to include information from a small sample of individuals in each
area whose outcome and exposures are known. We simply assume the binary outcomeyij for such an
individualj in areai is Bernoulli(pij), with a logit linear model forpij (1). Then the covariate effects
α andβ and the interceptµi are shared by the models for both the aggregate and individual-level
data. Thus, we can fit a joint model which combines the information between the two sources of data.
This is termedhierarchical related regression.

Note that it is not necessary to have individual data within all of the areasi. In practice, sample
survey data will be available from varying numbers of individuals between areas.

3 Usingecoreg

Theecoregpackage implements a fairly general case of the models described in Section 2. We assume
you have already downloaded and installed theecoregpackage. To apply these methods, you should
have one or both of

• An aggregate dataset with one record for each aggregate group, for example a geographical
area, or a stratum within area, for example from a population census.

5



• An individual-level dataset, for example from a sample survey study. There need not be the
same number of individuals per area, and there may be some areas in the aggregate dataset with
no individuals.

These contain

• a disease outcome available on individuals as a binary response, or from areas as a number or
proportion of disease cases.

• any number of binary explanatory variables, or exposures, available directly from individuals
or as proportions over areas.

• any number of continuous exposures with a multivariate normal distribution within areas.
These are available directly from individuals, or from the aggregate data as area-level means
and, optionally within-area covariances.

• any number of contextual explanatory variables, that is, characteristics specific to areas, con-
stant within areas.

• optionally, the joint within-area distribution of then binary exposures, available as a matrix
with 2n columns, and the same number of rows as the aggregate data, containing the number
of individuals in each area with each of the distinct combinations of the exposures.

3.1 Simulated example

These models are illustrated here using a simulated dataset of the form studied in Jacksonet al. [8].
There are 100 groups of 1,000 individuals each. The binary disease status of individualj in groupi
is simulated from the following model

logit(pij) = µi + αx
(1)
ij + βx

(2)
ij . (10)

x
(1)
ij represents smoking status (a binary covariate) andx

(2)
ij represents pollution exposure (a contin-

uous covariate). The full details of how the covariate data were constructed are described by Jackson
et al. [8]. The covariate effects areα = log(2), β = log(2.3). µi are chosen as 10 equally-spaced
quantiles of a normal distribution, with meanlogit(0.1) and standard deviation 0.2, giving a 95%
sampling interval for the baseline disease risk of (0.07, 0.14).

The complete individual-level data are aggregated over areas to form an aggregate dataset, and
samples of 5% are taken from each within-area population to form an individual-level dataset. These
hypothetical aggregate and individual datasets are provided with theecoregpackage, under the names
agg andindiv .

3.2 Format of datasets in more detail

Format of aggregate dataset This should be a data frame with a row corresponding to an area or
group. It should have at mininum an outcome variable, with the number of events, such as disease
cases, in the area. In addition, any number of aggregate covariates can be specified. Often these will
be binary covariates, expressed as proportions over the area. For covariates that are continuous at the
individual-level, these should be specified as within-area means, and also within-area variances, after
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transformation to an approximate normal distribution. For example, we print the first ten rows of the
agg data.

> library(ecoreg)
> data(agg)
> options(digits = 2)
> agg[1:10, ]

disease n.smoke n p.smoke poll.mean poll.sd
1 218 17 990 0.017 1.41 0.24
2 198 18 990 0.018 1.04 0.53
3 169 18 990 0.018 0.98 0.43
4 199 18 990 0.018 1.01 0.35
5 258 17 990 0.017 1.46 0.32
6 256 18 990 0.018 1.25 0.33
7 253 18 990 0.018 1.23 0.36
8 310 18 990 0.018 1.39 0.36
9 297 18 990 0.018 1.35 0.39
10 303 18 990 0.018 1.16 0.27

The number of individuals with the disease, the number of smokers, the population of the area,
the proportion of smokers, and the mean and standard deviation of the pollution exposure are labelled
disease , n.smoke , n, p.smoke , poll.mean andpoll.sd , respectively.

Format of individual dataset The individual dataset should be a data frame with each row corre-
sponding to an individual. Variables may include a binary outcome and any number of covariates.
For example, the first 15 rows of theindiv data are illustrated.

> data(indiv)
> indiv[1:15, ]

disease smoke poll area
1 0 0 1.52 1
2 0 0 1.11 1
3 0 0 1.52 1
4 0 0 1.00 1
5 1 1 1.65 1
6 0 0 1.54 1
7 0 0 1.54 1
8 0 0 1.68 1
9 0 0 1.60 1
10 0 0 1.08 1
11 0 0 0.99 2
12 0 0 2.09 2
13 0 0 1.41 2
14 0 0 0.91 2
15 0 0 1.00 2
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The disease status of the individual (0 or 1 corresponding to no disease and disease) , whether the
individual smoked (0 or 1 corresponding to no and yes), the pollution exposure and the area indicator
are labelleddisease , smoke, poll andarea , respectively. The area indicator is only necessary
when using models with random area effects.

3.3 Calling eco

The main R function inecoregis calledeco . This is used to fit a model to one of these datasets, or
a combination of the two. The R help page forecofully describes each of the function’s arguments.
Now we give simple examples of models that might be used in practice.

3.3.1 Models for aggregate data

Contextual model Firstly we fit a model which considers the proportion of smokers as acontextual,
or area-level variable. This is a simple binomial regression of the area disease count in terms of the
proportion of smokers. This should give a biased model for the individual-level association, because
we have not accounted for the within-area distribution of smoking behaviour.

The first argument ofeco (calledformula , but it is not necessary to label the argument) is a
formula, as used in most statistical modelling functions in R such aslm andglm . It specifies the
aggregatecomponent of the model, that is, the names of any covariates included inxir (equation (1).
The argumentdata specifies a data frame which should contain all aggregate-level variables speci-
fied in the call toeco .

> eco(cbind(disease, n) ~ p.smoke, data = agg)

Call:
eco(formula = cbind(disease, n) ~ p.smoke, data = agg)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.31 0.3 0.32
p.smoke 3.61 2.7 4.74

No individual-level covariates

-2 x log-likelihood: 2141

The eco function returns objects of classecoreg . Printing an object of this class displays
the estimated odds ratiosexp(α) associated with aggregate-level covariates, and odds ratiosexp(β)
associated with individual covariates (equation (1), along with their 95% confidence intervals, and
−2× the maximised log-likelihood. In this example, the maximum likelihood estimate of the odds
ratio associated with the aggregate proportion of smokers is 3.6, a substantial overestimate of the true
individual-level odds ratio of 2.

Marginal model, binary covariate To use the aggregate proportion of smokers to determine the
relative risk associated withindividual smoking, using the marginal model (2–3), use thebinary

8



argument toeco , as follows. Notice that the first argument contains a1, as there are no aggregate-
level effects in this model.

> eco(cbind(disease, n) ~ 1, binary = ~p.smoke,
+ data = agg)

Call:
eco(formula = cbind(disease, n) ~ 1, binary = ~p.smoke, data = agg)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.31 0.3 0.32

Individual-level odds ratios:
OR l95 u95

p.smoke 3 2.4 3.8

-2 x log-likelihood: 2141

This gives a more accurate estimate of the true relative risk of 2.
Now we construct a regression model including the effect of both smoking and pollution. Firstly,

we include area mean pollution exposure as a contextual variable, and smoking as an individual
variable.

> eco(cbind(disease, n) ~ poll.mean, binary = ~p.smoke,
+ data = agg)

Call:
eco(formula = cbind(disease, n) ~ poll.mean, binary = ~p.smoke,

data = agg)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.12 0.11 0.13
poll.mean 2.29 2.17 2.41

Individual-level odds ratios:
OR l95 u95

p.smoke 1.8 1.4 2.3

-2 x log-likelihood: 1246

As pollution exposure varies within the areas, this is a biased model for the individual-level asso-
ciation between pollution exposure and disease.

Marginal model, continuous covariate Here we account for the individual-level pollution expo-
sure using a well-specified model which accounts for the within-area pollution variance. Pollution
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exposure and smoking are considered as individual predictors of disease risk. Thenormal argument
to eco is a formula whose right-hand side should contain variables denoting the group-level means
of the normally-distributed covariates. These covariates will then be fitted as individual-level effects,
using a model of the form of equation (8) by default, or (9) ifmodel = “poisson” is specified.
Thenorm.var is used to supply the corresponding group-level variances.

> eco(cbind(disease, n) ~ 1, binary = ~p.smoke,
+ normal = ~poll.mean, norm.var = poll.sd, data = agg)

Call:
eco(formula = cbind(disease, n) ~ 1, binary = ~p.smoke, normal = ~poll.mean,

data = agg, norm.var = poll.sd)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.12 0.11 0.13

Individual-level odds ratios:
OR l95 u95

p.smoke 1.9 1.5 2.4
poll.mean 2.2 2.1 2.3

-2 x log-likelihood: 1266

3.3.2 Combining aggregate and individual data

Next we attempt to improve these estimates further by using the information from samples of individ-
uals, as described in Section 2.3. The individual-level regression model is given in theiformula
argument. The name of the individual-level dataset, in which the variables in the individual-level
model should appear, is given in theidata argument.

> eco(cbind(disease, n) ~ 1, binary = ~p.smoke,
+ normal = ~poll.mean, norm.var = poll.sd, data = agg,
+ iformula = disease ~ smoke + poll, idata = indiv)

Call:
eco(formula = cbind(disease, n) ~ 1, binary = ~p.smoke, normal = ~poll.mean,

iformula = disease ~ smoke + poll, data = agg, idata = indiv,
norm.var = poll.sd)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.12 0.11 0.13

Individual-level odds ratios:
OR l95 u95

smoke 1.9 1.6 2.4
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poll 2.2 2.1 2.3

-2 x log-likelihood: 2351

The bias and precision of the estimates are much improved.
When combining individual and aggregate data, the models at both levelsshould be the same, with

the same covariates.All contextual, binary, categorical and continuous covariates from the aggregate
component should appear in theiformula formula.

Individual dataset alone eco can also be run using individual data alone.

> eco(iformula = disease ~ smoke + poll, idata = indiv)

Call:
eco(iformula = disease ~ smoke + poll, idata = indiv)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.11 0.07 0.17

Individual-level odds ratios:
OR l95 u95

smoke 2.0 1.3 3.1
poll 2.2 1.6 3.0

-2 x log-likelihood: 1083

This is a logistic regression, whicheco fits using maximum likelihood. Of course, this model can also
be fitted using theglm function in R, which uses an iteratively reweighted least squares algorithm.
Here we manipulate the output ofglm from linear regression coefficients and standard errors on the
logit scale to odds ratios with 95% confidence intervals, which are the same as produced byeco .

> indiv.glm <- glm(disease ~ smoke + poll, data = indiv,
+ family = "binomial")
> est <- coef(indiv.glm)
> se <- coef(summary(indiv.glm))[, 2]
> exp(cbind(est, est - qnorm(0.975) * se, est +
+ qnorm(0.975) * se))

est
(Intercept) 0.11 0.07 0.17
smoke 2.04 1.33 3.12
poll 2.21 1.63 3.00

The precision of these estimates is much less than those from combining the aggregate and individual
data.
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3.4 Importance of the between-area exposure contrasts

The amount of individual-level information in ecological data increases as the between-area to the
within-area variability of the exposure increases. When there are low exposure contrasts between
areas, inference may be improved by combining the ecological data with individual-level data, as
described by Jacksonet al. [8]. We demonstrate this with a simulated example, which also appears at
the end ofhelp(eco) .

Firstly, we simulate aggregate data consisting of 50 groups of 100 individuals. Two contextual
covariates (labelled deprivation and mean income) are generated as standard normal variables. Two
binary covariates, interpreted as the proportion of non-white individuals and smokers in each area,
are generated from uniform distributions. The data framesim.df contains the ecological covariate
data.

> ng <- 50
> N <- rep(100, ng)
> set.seed(31412)
> ctx <- cbind(deprivation = rnorm(ng), mean.income = rnorm(ng))
> phi <- cbind(nonwhite = runif(ng), smoke = runif(ng))
> sim.df <- as.data.frame(cbind(ctx, phi))
> sim.df[1:5, ]

deprivation mean.income nonwhite smoke
1 0.813 -0.8614 0.64 0.80
2 -1.029 -1.6877 0.87 0.80
3 -0.045 -0.0035 0.18 0.12
4 0.089 1.1411 0.66 0.45
5 -1.788 -1.0944 0.36 0.35

A disease outcome with approximate 5% baseline prevalence, and odds ratios of 1.01, 1.02, 1.5
and 2 respectively for the four covariates, is now simulated. The functionsim.eco is provided to
simulate ecological outcome data and individual sample data, in terms of known covariates, baseline
risks and odds ratios. Firstly we usesim.eco to generate an ecological outcome alone (sim1 ) and
secondly an ecological outcome and individual sample data (sim2 ).

> mu <- qlogis(0.05)
> alpha.c <- log(c(1.01, 1.02))
> alpha <- log(c(1.5, 2))
> sim1 <- sim.eco(N, ctx = ~deprivation + mean.income,
+ binary = ~nonwhite + smoke, data = sim.df,
+ mu = mu, alpha.c = alpha.c, alpha = alpha)
> sim2 <- sim.eco(N, ctx = ~deprivation + mean.income,
+ binary = ~nonwhite + smoke, data = sim.df,
+ mu = mu, alpha.c = alpha.c, alpha = alpha,
+ isam = 7)

The return value ofsim.eco has a componenty containing the ecological outcome data (the number
of individuals in each area with the outcome), and a componentidata containing the individual
sample data. Here we have specifiedisam=7 in the call tosim.eco , producing an individual
sample dataset with 7 individuals for each of the 50 areas.
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> sim1$y[1:5]

[1] 14 17 7 8 6

> sim2$idata[1:15, ]

group y deprivation mean.income nonwhite smoke
1 1 0 0.813 -0.8614 1 1
2 1 1 0.813 -0.8614 0 1
3 1 1 0.813 -0.8614 1 0
4 1 0 0.813 -0.8614 1 1
5 1 0 0.813 -0.8614 0 0
6 1 0 0.813 -0.8614 0 1
7 1 0 0.813 -0.8614 1 0
8 2 0 -1.029 -1.6877 1 1
9 2 1 -1.029 -1.6877 1 1
10 2 0 -1.029 -1.6877 1 1
11 2 0 -1.029 -1.6877 1 1
12 2 0 -1.029 -1.6877 1 0
13 2 0 -1.029 -1.6877 1 0
14 2 0 -1.029 -1.6877 1 1
15 3 0 -0.045 -0.0035 1 1

Next we fit the correct model to the simulated data, with two contextual covariates and two individual
binary covariates. We see that in this case, combining with the individual sample data does not
improve the precision of the estimates.

> aggdata <- as.data.frame(cbind(y = sim1$y, sim.df))
> aggdata[1:5, ]

y deprivation mean.income nonwhite smoke
1 14 0.813 -0.8614 0.64 0.80
2 17 -1.029 -1.6877 0.87 0.80
3 7 -0.045 -0.0035 0.18 0.12
4 8 0.089 1.1411 0.66 0.45
5 6 -1.788 -1.0944 0.36 0.35

> agg.eco <- eco(cbind(y, N) ~ deprivation + mean.income,
+ binary = ~nonwhite + smoke, data = aggdata)
> agg.eco

Call:
eco(formula = cbind(y, N) ~ deprivation + mean.income, binary = ~nonwhite +

smoke, data = aggdata)

Aggregate-level odds ratios:
OR l95 u95
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(Intercept) 0.054 0.039 0.075
deprivation 0.953 0.868 1.045
mean.income 1.007 0.922 1.100

Individual-level odds ratios:
OR l95 u95

nonwhite 1.6 1.1 2.3
smoke 2.0 1.4 2.8

-2 x log-likelihood: 238

> agg.indiv.eco <- eco(cbind(y, N) ~ deprivation +
+ mean.income, binary = ~nonwhite + smoke, iformula = y ~
+ deprivation + mean.income + nonwhite + smoke,
+ data = aggdata, idata = sim2$idata)
> agg.indiv.eco

Call:
eco(formula = cbind(y, N) ~ deprivation + mean.income, binary = ~nonwhite +

smoke, iformula = y ~ deprivation + mean.income + nonwhite +
smoke, data = aggdata, idata = sim2$idata)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.053 0.039 0.071
deprivation 0.962 0.880 1.052
mean.income 0.999 0.918 1.087

Individual-level odds ratios:
OR l95 u95

nonwhite 1.6 1.2 2.2
smoke 2.0 1.5 2.8

-2 x log-likelihood: 464

However, suppose we simulate data with a much lower between-area exposure variance, such as a
uniform(0, 0.2) distribution for proportion of non-white ethnicity and uniform(0.1, 0.3) for proportion
of smokers. The aggregate data now contain little information about the individual-level effects, and
we obtain highly imprecise estimates of the true individual model.

> phi <- cbind(nonwhite = runif(ng, 0, 0.2), smoke = runif(ng,
+ 0.1, 0.3))
> sim.df <- as.data.frame(cbind(ctx, phi))
> sim1 <- sim.eco(N, ctx = ~deprivation + mean.income,
+ binary = ~nonwhite + smoke, data = sim.df,
+ mu = mu, alpha.c = alpha.c, alpha = alpha)
> sim2 <- sim.eco(N, ctx = ~deprivation + mean.income,
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+ binary = ~nonwhite + smoke, data = sim.df,
+ mu = mu, alpha.c = alpha.c, alpha = alpha,
+ isam = 10)
> aggdata <- as.data.frame(cbind(y = sim1$y, sim.df))
> agg.eco <- eco(cbind(y, N) ~ deprivation + mean.income,
+ binary = ~nonwhite + smoke, data = aggdata)
> agg.eco

Call:
eco(formula = cbind(y, N) ~ deprivation + mean.income, binary = ~nonwhite +

smoke, data = aggdata)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.074 0.047 0.12
deprivation 1.018 0.912 1.14
mean.income 1.059 0.953 1.18

Individual-level odds ratios:
OR l95 u95

nonwhite 0.18 0.00011 286
smoke 0.85 0.09077 8

-2 x log-likelihood: 233

To be able to estimate the individual-level effects most accurately, we combine the aggregate data
with the individual-level sample data.

> agg.indiv.eco <- eco(cbind(y, N) ~ deprivation +
+ mean.income, binary = ~nonwhite + smoke, iformula = y ~
+ deprivation + mean.income + nonwhite + smoke,
+ data = aggdata, idata = sim2$idata)
> agg.indiv.eco

Call:
eco(formula = cbind(y, N) ~ deprivation + mean.income, binary = ~nonwhite +

smoke, iformula = y ~ deprivation + mean.income + nonwhite +
smoke, data = aggdata, idata = sim2$idata)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.061 0.048 0.078
deprivation 1.048 0.946 1.162
mean.income 1.056 0.956 1.167

Individual-level odds ratios:
OR l95 u95
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nonwhite 0.82 0.28 2.5
smoke 1.37 0.60 3.1

-2 x log-likelihood: 443

This raises the question of whether the aggregate data do contribute any information in this case, and
whether we can do just as well by analysing the individual data alone. But we find that precision is
lower when only the individual data are included.

> indiv.eco <- eco(iformula = y ~ deprivation +
+ mean.income + nonwhite + smoke, idata = sim2$idata)
> indiv.eco

Call:
eco(iformula = y ~ deprivation + mean.income + nonwhite + smoke,

idata = sim2$idata)

Aggregate-level odds ratios:
OR l95 u95

(Intercept) 0.046 0.028 0.076

Individual-level odds ratios:
OR l95 u95

deprivation 1.3 0.95 1.9
mean.income 1.1 0.77 1.5
nonwhite 1.1 0.31 3.8
smoke 1.4 0.53 3.5

-2 x log-likelihood: 206

3.5 Other features

3.5.1 Within-area distribution of binary covariates

To build the model (3) with more than one binary covariate, by defaulteco assumes that the co-
variates are independent within areas. Often this assumption is not appropriate, especially when
considering, for example, socio-economically related factors.

To account for the joint within-area distribution of a set of binary or categorical covariates, use
the cross argument toeco . This should be a matrix containing the same number of rows as the
aggregate data, and number of columns equal to the distinct number of covariate categories into which
an individual can belong. For full details of how to specifycross , refer to the help page for theeco
function. Thecross needs to be calculated by the user before callingeco . Individual data may be
required to estimatecross , as typical census data do not give detailed cross-classification tables.

This is now illustrated with a hypothetical example. We introduce another covariate called
p.soclass into theagg data representing the proportion of individuals in a lower social class.
Suppose this varies uniformly over areas between 0.1 and 0.6. This is likely to be correlated with
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smoking at the individual level. Suppose that we have an information from an individual-level sur-
vey, suggesting that an individual is twice as likely to smoke if in a lower social class. We wish to
use this information to construct a matrix with 100 rows and four columns, representing estimates of
the proportion of individuals who are in each of four categories:

1. neither smoke nor are in the lower social class (p00)

2. smoke but are not in the lower social class (p10)

3. do not smoke but are in the lower social class (p01)

4. smoke and are in the lower social class. (p11)

Let pA be the proportion of smokers, andpB be the proportion of individuals in the lower so-
cial class, in an area. We know thatp10 + p11 = pA, p01 + p11 = pB and, from the survey,
(p11/pB)/(p10/(1− pB)) = 2. This leads, for example, to

p11 = 2pApB/(1 + pB)

This is enough information to construct all the estimated cross-classification probabilities.

> agg$p.soclass <- seq(0.1, 0.6, length = 100)
> pa <- agg$p.smoke
> pb <- agg$p.soclass
> p11 <- pa * pb * 2/(1 + pb)
> p10 <- pa - p11
> p01 <- pb - p11
> p00 <- 1 - (p01 + p10 + p11)
> cross <- cbind(p00, p10, p01, p11)
> cross[1:5, ]

p00 p10 p01 p11
[1,] 0.89 0.014 0.097 0.0031
[2,] 0.88 0.015 0.102 0.0035
[3,] 0.88 0.015 0.106 0.0036
[4,] 0.87 0.014 0.111 0.0038
[5,] 0.87 0.013 0.117 0.0037

This is the cross-classification matrix that we can supply toeco if we wanted to construct an ecolog-
ical model including both smoking and social class.

> eco(cbind(disease, n) ~ 1, binary = ~p.smoke +
+ p.soclass, cross = cross, data = agg)

To account for the joint within-area distribution of a set of continuous covariates, use thenorm.var
argument toeco , which specifies the joint covariance matrix of the covariates, assumed normally dis-
tributed, for each area. For further details of how to specifynorm.var , refer to the help page for
theeco function.

Currently, ecoregdoes not support specifying the within-area covariance between binary and
continuous covariates.
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3.5.2 Stratification

To account for differing disease risks in strata defined by age and sex, using fixed offsets determined
from the whole population (as in equations 1 and 5), use thestrata , pstrata and istrata
arguments toeco .

• pstrata should be a vector with one element for each stratum, giving the assumed baseline
outcome probabilities for the strata.

• strata should be a matrix with the same number of rows as the aggregate data. Rows rep-
resent areas, and columns represent the strata occupancyprobabilities for those areas (often
estimated as observed occupancyproportions). Alternatively, to account for within-area corre-
lation between strata membership and binary covariate status, the cross-classification between
strata and covariates can be specified in thecross argument. See the help page toeco .

• If individual data are modelled,istrata should be a variable containing the individual-level
variable indicating the stratum an individual occupies. This should be a factor, whose levels
correspond to the columns of the matrixstrata .

3.5.3 Categorical covariates

As well as binary covariates, categorical covariates can also be fitted as individual-level predictors.
The aggregate data for categorical covariates must be supplied separately from the main aggregate
dataset, in thecategorical argument toeco . See the help page foreco . In practice, there is not
likely to be enough information in ecological data for successful ecological inference on categorical
variables with large numbers of categories.

3.5.4 Random effects models

By default,eco assumes the baseline riskµi (equation 1) is constantµ between areasi. Optionally,
eco can also fitµi as a normally-distributed random effect, using adaptive Gauss-Hermite integration
[16].

If random=TRUE is specified in the call toeco , an area-level random intercept is included in
the model. In this case the data should indicate which area each row of the data corresponds to. In
the individual data,igroups should give the name of a variable containing the group identifiers of
the individual-level data. In the aggregate data, by default, the groups are the row numbers of the
dataset. Alternatively,groups specifies a group-level variable containing the group identifiers to be
matched with the groups given inigroups .

The Gauss-Hermite integration can be controlled by the argumentsgh.points anditer.adapt
to eco . gh.points gives the number of points to use for quadrature, whileiter.adapt gives
the number of iterations to use for the adaptive phase of the algorithm.

Random effects model fitting is relatively slow, and it may be useful to view the progress of the
model fitting by specifying acontrol argument, such ascontrol=list(trace=1, REPORT=1) .
This is passed fromeco to optim , the R function which performs optimisation of the likelihood.
Seehelp(optim) for further options to control optimisation.
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4 Warnings and limitations

• It is easy to over-fit models, especially with several covariates. Often there is not enough
information available in aggregate data.

• When fitting many covariates, it is essential to account for the within-area distribution.

• Continuous covariates must be normally-distributed or able to be transformed to normality.

• Only limited error-checking is performed.eco may fail with an incomprehensible error mes-
sage if the model or data are specified wrongly or inconsistently.

5 ecoreference guide

The R help page foreco gives details of all the allowed arguments and options to theeco function.
To view this online in R, type:

> help(eco)

Similarly all the other functions in the package have help pages, which should always be consulted
in case of doubt about how to call them. The web-browser based help interface may be convenient -
type

> help.start()

and navigate toPackages . . . ecoreg, which brings up a list of all the functions in the package with
links to their documentation, and a link to this manual in PDF format.

6 Similar software

• WinBUGS (http://www.mrc-bsu.cam.ac.uk/bugs ) can be used to fit these models
from a Bayesian perspective using Markov Chain Monte Carlo simulation. This approach is
amenable to extension to account for complexities such as random intercepts, random coeffi-
cients, spatial correlation and measurement error. WinBUGS files containing worked examples
of a range of these models, using methods described by Jacksonet al. [?] [9] are provided at
http://www.bias-project.org.uk/software .

• The R packageMCMCpack, available from CRAN, implements ecological inference for2× 2
tables using a Bayesian hierarchical model described by Wakefield [7].

• The R packageeco, available from CRAN, implements ecological inference for2 × 2 tables,
using methods described by Imai and Lu [17].

• EI andEzI [18] by Kenneth Benoit and Gary King, implementing methods from King [19].
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