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A B S T R A C T

Large-scale surveys, such as national forest inventories and vegetation monitoring programs, usually have
complex sampling designs that include geographical stratification and units organized in clusters. When models
are developed using data from such programs, a key question is whether or not to utilize design information
when analyzing the relationship between a response variable and a set of covariates. Standard statistical re-
gression methods often fail to account for complex sampling designs, which may lead to severely biased esti-
mators of model coefficients. Furthermore, ignoring that data are spatially correlated within clusters may un-
derestimate the standard errors of regression coefficient estimates, with a risk for drawing wrong conclusions.
We first review general approaches that account for complex sampling designs, e.g. methods using probability
weighting, and stress the need to explore the effects of the sampling design when applying logistic regression
models. We then use Monte Carlo simulation to compare the performance of the standard logistic regression
model with two approaches to model correlated binary responses, i.e. cluster-specific and population-averaged
logistic regression models. As an example, we analyze the occurrence of epiphytic hair lichens in the genus
Bryoria; an indicator of forest ecosystem integrity. Based on data from the National Forest Inventory (NFI) for the
period 1993–2014 we generated a data set on hair lichen occurrence on > 100,000 Picea abies trees distributed
throughout Sweden. The NFI data included ten covariates representing forest structure and climate variables
potentially affecting lichen occurrence. Our analyses show the importance of taking complex sampling designs
and correlated binary responses into account in logistic regression modeling to avoid the risk of obtaining
notably biased parameter estimators and standard errors, and erroneous interpretations about factors affecting
e.g. hair lichen occurrence. We recommend comparisons of unweighted and weighted logistic regression ana-
lyses as an essential step in development of models based on data from large-scale surveys.

1. Introduction

Long-term monitoring programs, such as national forest inventories
(Fridman et al., 2014; Lawrence et al., 2014) play a key role in pro-
viding ecological and environmental data for decision making and re-
search (Lindenmayer and Likens, 2010). The need for efficiency in field
studies often leads to a spatial structure in the sampling design of such
programs. Travel between sampling locations and other logistic aspects
usually imply that several of the units in question are sampled at each
location (Berglund et al., 2009; Nordén et al., 2013). These circum-
stances result in hierarchical data sets, where units collected at the
same location tend to be similar to one another, i.e., their properties are
correlated. Although this may be a practical necessity it implies a

statistical “cost”, i.e. selecting an additional unit from the same location
adds less new information than a completely independent selection.

Data from monitoring programs often include binary responses,
such as presence/absence of species, which can be modeled through
logistic regression to assess the relationship between the probability of
a response (e.g. occurrence of the species) and a set of covariates. A
standard logistic (SL) regression model relies on the assumption that
observations are independent (Hosmer et al., 2013), and ignoring ex-
isting correlations in the data may result in substantially biased stan-
dard errors of logistic regression coefficient estimators – they are ty-
pically underestimated but may be overestimated in some cases
(Fieberg et al., 2009; Fitzmaurice et al., 1993; Wilson and Lorenz,
2015).
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Two common approaches to model correlated binary responses are
cluster-specific (CS) and population-averaged (PA) models (Fieberg
et al., 2009; Hosmer et al., 2013; Muff et al., 2016). Both of them extend
the SL model for independent observations to correlated data, but they
address the problem of correlated data differently. In addition, esti-
mated regression coefficients obtained from these two approaches are
numerically different, as are their interpretations (Hu et al., 1998).
These differences are not always well understood in ecological research
(Fieberg et al., 2009). Both Fieberg et al. (2009) and Muff et al. (2016)
evaluated the usefulness of the CS and PA approaches in an ecological
context, with illustrative examples of temporally clustered data from a
3-year study of mallard nest structures. Here, we analyze the same
approaches, but for spatially correlated large-scale survey data col-
lected using complex sampling designs that involve geographical stra-
tification and units selected in groups (cluster sampling; Lumley, 2010).
Survey data may be viewed as the outcome of two processes: the pro-
cess (e.g. the habitat suitability for the species in question) that gen-
erates the values of units in the population, often referred to as the
superpopulation model (Heeringa et al., 2010), and the process of se-
lecting the sample units from the population. Regression methods like
SL that do not account for complex sampling designs may have biased
estimates of coefficients and standard errors (Pfeffermann and
Sverchkov, 2009; Wilson and Lorenz, 2015).

In this study, we compare the performance of SL, CS, and PA logistic
regression estimates under complex sampling designs using Monte
Carlo simulation. We first review the SL, CS, and PA models. We then
discuss commonly used approaches in regression modeling that account
for informative sampling designs; a design is said to be informative if
the inclusion probabilities are related to the response even after taking
the covariates into account, where the inclusion probability of a po-
pulation unit refers to the chance that it becomes part of a sample. We
base the Monte Carlo simulation models on e.g. data for occurrence of
epiphytic hair lichens (Bryoria spp.) on Norway spruce (Picea abies)
collected throughout Sweden in the National Forest Inventory (NFI).
Hair lichens are widespread in boreal and temperate forests and are
useful indicators for monitoring integrity of forest ecosystems (Esseen
et al., 2016; Will-Wolf et al., 2002). Using NFI data for studies of this
kind can be expected to be more common in the future due to the in-
creased application of such data in decision-making and research
(Tomppo et. al, 2010). Thus it is important to assess how data from
complex NFI designs should be utilized in modeling to avoid erroneous
conclusions.

2. Materials and methods

2.1. Theory

A binary response variable is usually coded as a 1 or 0, and can be
used to represent binary outcomes such as yes/no and presence/ab-
sence. The aim is to model a relationship between the probability that a
response Y is equal to 1 and a set of covariates. The ratio of the prob-
ability of Y=1 to the probability of Y=0 is known as the odds.

2.1.1. The standard logistic regression model
Let β=(β0,…, βp) ′ denote a vector of p+1 coefficients and x=(x0,

…,xp) ′ a set of values of p covariates and a constant, x0=1. Let p1 be
the conditional probability that Y is equal to 1 given x. The SL re-
gression model is then given by

= ′βp xlogit ( ) ,1 (1)

where logit (p1)=log (p1/ (1−p1)), log(⋅) is the natural logarithm, and
p1/ (1−p1) is the odds (of, e.g., occurrence). The odds ratio for two
different groups is the ratio of the odds for the two different groups, and
the coefficients βr, r=1,…,p, in the SL model (1) are commonly in-
terpreted in terms of odds ratios (Hosmer et al., 2013). If we are

interested in the odds ratio for a one-unit increment in the rth covariate,
while holding the other covariates fixed, then the odds ratio is exp(βr).
Eq. (1) may be rewritten as
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The unknown β needs to be estimated from observed data. In SL
regression, observations are assumed to be independent and β is esti-
mated using maximum likelihood (ML). Given a sample of n observa-
tions, with observed values of xi and yi, i=1,…, n, the ML estimate of β
is obtained by solving the likelihood equations
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r=0,…, p, with respect to β (Hosmer et al., 2013). Thus, in SL re-
gression the effect of any clustering in the data is ignored.

2.1.2. The cluster-specific model
Suppose we have observations from m clusters (e.g., sample plots),

with nj observations (e.g., trees) per cluster. For observation k in cluster
j, let Y jk be the binary response and xjk=(x0jk, …, xpjk) ′ the corre-
sponding covariate vector with x0jk=1. In the CS model, a random
effect αj, specific to cluster j, is added to the logit. The CS model is thus
defined as

= + ′βp α xlogit ( ) ,jk j1
CS CS

where = … ′β β β( , , )p
CS

0
CS CS and p jk1

CS is the probability that Y jk is equal to
1 given the random effect αj and xjk, where α1,…, αm are assumed to be
independent and normally distributed with mean zero and variance σα

2.
We may regard αj as the effect of being in cluster j, and an increase in σα

2

increases both the within-cluster correlation and the between-cluster
heterogeneity (Hosmer et al., 2013). The odds ratio for a one-unit in-
crement in the rth covariate, while holding the random effect and the
other covariates fixed, is βexp ( )r

CS . Since each cluster has its own
cluster-specific random effect, the interpretation of the effect of that
covariate applies to a specific cluster, i.e. it is a within-cluster effect.

That random effects are unobservable leads to complications when
considering ML estimation of βCS. This complication may be solved by
numerically integrating out the random effects from the likelihood and
then maximize it with respect to βCS (Hosmer et al., 2013).

2.1.3. The population-averaged model
The PA probabilities are, in a sense, obtained by averaging the

cluster-specific probabilities, βp α x( | , )jk j jk1
CS CS , over all possible realiza-

tions of the random effects. More specifically, the PA probability is
obtained as = = βp p E p αx x( ) ( ( | , ))jk jk jk jk j jk1

PA
1
PA

1
CS CS , where the expecta-

tion is taken over the distribution of αj (Hardin and Hilbe, 2012). Be-
cause the logit is a non-linear function, the PA probability, considered
as a function of xjk, will have a different shape than the CS probabilities
(in fact, it does not exactly follow the logistic formula Agresti (2002)),
and
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This is illustrated in Fig. 1 for the case of a single covariate, xjk. Note
that the effect of xjk on the PA probability is smaller than its effect on
the CS probabilities, and that the population median probability (i.e.,
the median of the CS probabilities) is identical to the CS probability
evaluated at the median of the random effect αj (i.e., at αj=0). The
larger variance of the random effects, the more heterogeneity among
the clusters and the less steep is the PA probability as a function of xjk
(or more generally, of the respective covariates xrjk, r=1,…,p).

In the PA approach, let = … ′β β β( , , )p
PA

0
PA PA and assume that
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= ′βp xlogit ( ) ,jk1
PA PA

(4)

where we may interpret p jk1
PA as the proportion of units in the (assumed

infinite) population with Y jk=1 among units with covariates equal to
x1jk, …, xpjk (Hosmer et al., 2013). The odds-ratio interpretation of

= …β r p, 1, ,r
PA , in a PA model is analogous to the odds-ratio inter-

pretation of a coefficient from a SL regression model (Hosmer et al.,
2013) and describes the effect of the rth covariate in broad groups of
units (cf. the CS model where we instead have cluster-specific inter-
pretations).

The coefficients in a PA model are typically estimated using gen-
eralized estimating equations (GEEs; Liang and Zeger, 1986). In addi-
tion to Eq. (4), GEEs require an assumption about the “working corre-
lation”, i.e., about the correlations between pairs of responses within a
cluster. A commonly used working correlation structure is called ex-
changeable correlation, which assumes that the correlation between Y jk

and Y jl is equal to a constant ρ for all k≠l and all j. Under an ex-
changeable correlation structure, the GEEs have the form
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where Dj is an nj×(p+1) matrix containing the elements
−x p p(1 )rjk jk jk1
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1
PA , Vj is an nj×nj matrix with the diagonal elements
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PA , and Sj is a vector containing the

elements −y pjk jk1
PA, where yjk is the observed value of Y jk. Liang and

Zeger (1986) suggest a moment estimator for ρ, and to compute the
estimates of ρ and βPA one may iterate between solving the GEEs for βPA
and the moment estimation of ρ until convergence.

Under the assumption that the random effects are normally dis-
tributed, Zeger et al. (1988) (see also Hosmer et al., 2013) show that
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where β PA and β CS are estimated coefficient vectors and ̂σα
2 is the es-

timated random effects variance. The implication of Eq. (6) is that the
difference between β PA and β CS increases with the size of the random
effects variance.

Estimates from GEEs are known to be robust to choice of correlation
structure (Liang and Zeger, 1986), i.e., the asymptotic normality of β PA

and a so-called “sandwich-type” estimator of its asymptotic variance
matrix are robust to misspecification of the working correlation.
Hosmer et al. (2013) recommend exchangeable correlation unless the
nature of the data clearly suggests another choice; three other possible
working correlation structures that can be specified in statistical
packages are independent, auto-regressive, and unstructured (Wilson
and Lorenz, 2015). Under an independent correlation structure, ρ=0,
and the GEEs (Eq. (5)) reduce to the likelihood equations (Eq. (3)) for
SL regression. One simple approach to analyzing correlated binary re-
sponses is therefore to use SL regression, followed by a robust sand-
wich-type estimate of the variance matrix of the coefficients. This ap-
proach can be expected to work well when the correlation between the
responses is not too high (Zeger, 1988).

2.2. Survey sampling

The general principle of sampling is to select a subset of units (e.g.,
trees) from a population, and to draw inference from the sample to the
entire population. Many widely used sampling methods assign varying
inclusion probabilities to the individual units. The chance for a unit to
be included in the sample is often determined by the values of several
design variables, which may include cluster and stratum indicators and
variables measuring characteristics of sample units (but usually not the
response variable itself). The informativeness of a sampling design is
the extent to which inclusion probabilities are dependent upon the re-
sponse variable after conditioning on all other variables in the regres-
sion model. Ignoring an informative sampling design may yield severely
biased estimates of regression coefficients, possibly leading to false
inference in, e.g., SL regression (Nordberg, 1989; Pfeffermann and
Sverchkov, 2009). Three commonly used approaches that account for
informative sampling designs can be identified (Pfeffermann and
Sverchkov, 2009):

• using design variables as additional covariates, or other variables
associated with the design variables, which are highly correlated
with the inclusion probabilities;

• using inclusion probabilities as additional covariates (which is an
alternative when it is not possible to include all important design
variables in the model due to parsimony, lack of data, or because the
resulting model may not be of interest); and

• methods using probability weighting.

Probability-weighted estimators have the disadvantage of being
typically more variable than unweighted estimators, notably when
there is a large variation in the weights (Nordberg, 1989; Pfeffermann,
1993; Pfeffermann and Sverchkov, 2009). For complex sampling
schemes where the inclusion probabilities are determined by the values
of design variables, the informativeness of the sampling design is not
always apparent. In this case, hypothesis testing can be used to test
whether the sampling design can be ignored or not. Let πi be the in-
clusion probability of the ith unit in the population. Testing that the
sampling design can be ignored for estimating the coefficient vector β
in a generalized linar model (GLM), which includes the SL regression
model as a special case, can be made using Nordberg's (1989) test: i)
augment the covariate vector by bringing in πixri, r=0,…,p, as addi-
tional covariates; ii) fit the unweighted SL regression model using the
augmented covariate vector; and iii) use a partial likelihood ratio test
(Hosmer et al., 2013) to test the null hypothesis of jointly zero coeffi-
cients of πixri, r=0,…,p.

Let us consider a probability-weighted SL regression. For a popu-
lation of N units and by using the same notation as in Eq. (3), we define
the population likelihood equations,

∑ − =
=

βx y p x( ( | )) 0,
i

N

r i i
1

1
(7)
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Fig. 1. Population median probabilities (dashed line), population-averaged probabilities
(solid line), and ten realizations of the cluster-specific probabilities p jk1

CS (dotted lines).
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r=0,…,p, where p1 (β | xi) is given by Eq. (2); cf. Eq. (3). Let βSL denote
the solution of Eq. (7). Based on a survey sample s, the unknown po-
pulation coefficient vector βSL is estimated by a coefficient vector that
solves the probability-weighted estimate of Eq. (7),

∑ − =
∈

βw x y p x( ( | )) 0,
i s

i r i i1
(8)

r=0,…,p, where wi=1/πi (Heeringa et al., 2010). The left-hand side of
Eq. (8) is design-unbiased for the left-hand-side of Eq. (7) for any
sampling design, including informative ones, and the solution of Eq. (8)
is approximately unbiased for the corresponding population quantity
βSL (Heeringa et al., 2010). That is, the mean of the solutions of Eq. (8),
calculated from repeated independent samplings of the population,
approximately equals βSL.

As an example of a complex sampling design, let us consider a so-
called stratified two-stage sampling design, where the population of
units is partitioned into L strata. In stratum h, the units are partitioned
into Mh disjoint clusters (e.g., sample plots), denoted by …c c, ,h hM1 h,
and in the first sampling stage, a sample sh of clusters is drawn. In the
second stage, a sample shj of units (e.g., trees) is drawn from each
cluster j ∈ sh. If πhj is the probability that cluster j ∈ sh and πk|hj the
conditional probability that unit k ∈ shj given that cluster j ∈ sh, then
πhjk=πhjπk|hj is the inclusion probability of unit k in cluster j of stratum
h (Särndal et al., 1992). It is assumed that every time j ∈ sh, exactly the
same sampling design is used for sampling units within that cluster, and
that sampling in cluster j ∈ sh is carried out independently of sampling
in any other cluster.

Consider the PA model under the stratified two-stage sampling de-
sign. For k ∈ shj, let yhjk be a binary variable with possible values 0 and 1
and xhjk=(x0hjk, …,xphjk) a vector of covariates. The population GEEs
are defined as ∑ ∑ == =

′ −D V S 0,h
L

j
M

hj hj hj1 1
1 where Dhj, Vhj, and Shj are

defined as in Eq. (5), but with y x p, ,jk rjk jk1
PA, and nj replaced by

y x p, ,hjk rhjk hjk1
PA , and Nhj, respectively, where the latter is the size of

cluster j in stratum h. Under an exchangeable correlation structure with
a given ρ, let βPA denote the solution of the population GEEs. Based on a
stratified two-stage sample, the population coefficient vector βPA is
estimated by solving the probability-weighted estimate of the popula-
tion GEEs, ∑ ∑ == ∈

′ −w D V S 0h
L

j s hjk hj hj hj1
1

h
, where whjk=whjwk|hj,

whj=1/πhj, and wk|hj=1/πk|hj. Under related settings and an ex-
changeable correlation structure, Rao (1998) and Lipsitz et al. (2014)
suggest the unknown ρ in the aforementioned GEEs to be estimated
using an estimated coefficient vector obtained under an independent
correlation structure.

In contrast to probability-weighted estimation of a PA model under
a stratified two-stage sampling design, the CS model requires knowl-
edge of not only the products whjk=whjwk|hj, but also the individual
factors whj and wk|hj. A (suitably) scaled version of wk|hj is required when
integrating out the random effects from the likelihood, and whj weights
the jth cluster contribution to the log-likelihood in stratum h; see Rabe-
Hesketh and Skrondal (2006) and Asparouhov (2006) for details.

The above reasoning for PA and CS models can easily be modified to
other designs than the stratified two-stage sampling design. To our
knowledge, there are currently no packages in R (R Core Team, 2016;
the software used in our Monte Carlo simulations, see below) for fitting
PA and CS models in logistic regression settings under complex sam-
pling designs such as the stratified two-stage sampling design.

2.3. Data for the Monte Carlo simulations

Data for the Monte Carlo simulations were obtained from the
Swedish NFI, which provides information about forests for regional,
national and international policy, planning, and reporting (Fridman
et al., 2014). The NFI has been operating since 1923 and at present
> 200 variables are recorded, including detailed forest data, soil
characteristics, presence and cover of different forest-floor plants as

well as occurrence and length of hair lichens on Picea abies, recently
being used in several ecological studies (e.g. Esseen et al., 2016;
Hedwall and Brunet, 2016). The NFI covers all forests in Sweden
(55–69°N) except subalpine birch forests in the Scandinavian moun-
tains. The design includes both stratification (Fig. 2) and clustering of
sample plots into square-formed tracts. The length of tract side varies
from 300 to 1800 m among regions.

Data were compiled from 27,989 permanent plots (10 m's radius,
area 314 m2) from the period 1993–2014 (more than two full inventory
cycles). We included plots in productive forest land (site quality as
mean volume increment ≥ 1 m3 ha−1 yr−1) and excluded plots clas-
sified as unstocked, thicket or young stands to simplify model con-
struction (cf. Esseen et al., 2016). This resulted in 21,168 remaining
plots. The occurrence of the lichen genus Bryoria (Fig. 3) was recorded

Fig. 2. The strata used in the Swedish NFI. Strata roughly correspond to the vegetation
zones: 1) northern boreal; 2) mainly middle-northern boreal; 3) southern-middle boreal;
4) mainly hemiboreal; and 5) temperate.
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up to a height of 5 m above ground on live Picea abies with DBH (dia-
meter at breast height, 1.3 m) ≥150 mm. On each plot, a sample of
trees was selected using Poisson sampling, and Bryoria was recorded on
one randomly selected P. abies from the sample during 1993–2012 but
on all P. abies in the sample during 2013–2014.

The performance of epiphytic lichens is controlled by forest struc-
ture (e.g., tree species, stand age, stand density, stand height), climate,
nutrients and pollutants as well as dispersal limitation (Ellis, 2012).
Following Esseen et al. (2016), we only included ecologically important
forest and climate variables, but excluded deposition of nitrogen (not
significant in a multiple logistic regression model for Bryoria). We used
the following covariates for possible inclusion in the logistic regression
models: DBH of the sampled P. abies trees, crown limit of P. abies (the
height of the lowest live branch, m; indicating substratum availability
for hair lichens), stand height (m), stand age (years), stand basal area
(m2ha−1), site quality (production capacity, m3 ha−1 year−1), volume
of P. abies (m3 ha−1), mean annual temperature 1961–1990 (°C),
continentality (°C, difference in mean temperature between July and
January), and rain index (mm year−1, precipitation in months with
mean temperature ≥0 °C).

The variables crown limit and Bryoria occurrence were available
only for the Poisson sample trees or some of the Poisson sample trees.
Therefore, for each of the 115,887 P. abies trees (with ≥150 mm DBH)
in the 21,168 plots, we generated values of the variables crown limit
and Bryoria occurrence. More specifically, values for each tree were
generated from the following fitted (superpopulation) models: i) a CS
linear regression model for crown limit, with volume of P. abies, stand
height, and DBH as covariates; and ii) a CS logistic regression model for
Bryoria occurrence, with basal area, stand age, temperature, and crown
limit as covariates. Details are given in the supplementary material
(Appendix A). In this way we obtained a “population” of 115,887 P.
abies trees in 21,168 plots and five strata (Fig. 2), from which samples
were drawn in our Monte Carlo study.

2.4. The setup of the Monte Carlo simulations

In the Monte Carlo study we consider two sampling designs. Design
1 is essentially the one used in the Swedish NFI 1993–2012, the main
difference is that we ignore that plots are grouped into tracts. In stratum
h of our generated population, mh clusters (sample plots) are selected by
simple random sampling. In each selected cluster, Poisson sampling is
performed, i.e., each P. abies tree k is included in a set of candidate trees
with probability

= ⎧
⎨⎩

+ ⋅ ⎫
⎬⎭

q
a b

min 1,
DBH

10, 000
,k

DBH

2.5

k (9)

where DBHk (in mm) is the diameter at 1.3 m of tree k, and

≈
⎧

⎨
⎩

−
a

3.9 in strata 1 and 2 ,
40.5 in strata 2 and 3,
63.3 in strata 4 and 5,

1

2

and

≈
⎧
⎨
⎩

b
0.0029 in strata 1 and 2 ,
0.0022 in strata 2 and 3,
0.0019 in strata 4 and 5.

1

2

If the set of candidate trees is non-empty, then a single sample tree is
selected with equal probability from the candidate set, and occurrence
of Bryoria is registered for the sample tree. This design may be regarded
as stratified two-stage sampling; see the supplementary material
(Appendix B), which includes formulas for calculating πk|hj.

Design 2 is essentially the one used in the Swedish NFI since 2013,
but we ignore that plots are grouped into tracts. Design 2 is identical to
design 1, except that occurrence of Bryoria is registered for all trees in
the candidate set. Thus, for design 2, πk|hj is given by Eq. (9).

In addition to logistic regression models of Bryoria occurrence, we
also considered such models for the binary response variable crown
limit above/below a height of 5 m. In each Monte Carlo simulation,
10,000 samples were drawn according to designs 1 and 2, respectively,
and for each sample, model coefficients and corresponding standard
errors were estimated. In each sample, 20% of all sample plots were
drawn in each of the five strata. For comparison, we also fitted logistic
regression models using all 115,887 P. abies trees in the population.
Whenever a PA logistic regression model was fitted, an exchangeable
correlation structure was used.

All Monte Carlo simulations have been conducted using the R
software (R Core Team, 2016), and the R packages survey (Lumley,
2014), geepack (Højsgaard et al., 2006), and lme4 (Bates et al., 2015).
As earlier mentioned, to our knowledge there are currently no packages
in R for fitting PA and CS models in logistic regression settings under
complex sampling designs. Consequently, probability-weighted esti-
mates were computed only in SL settings. Unweighted SL models were
fitted using the glm function in R, and for the probability-weighted
ones we used the svyglm function from the survey package. The
function syntax of svyglm is almost identical to that of glm, except that
the data argument of glm is replaced by a sampling design argument,
which is created using the svydesign function. Our PA models were
fitted using the geeglm function from geepack and for CS models we
used the glmer function from lme4. To specify logistic regression,
rather than the default of linear regression, one uses the option family
= binomial in the glm, svyglm, geeglm, and glmer functions. For
data examples with complete R code, we refer to Lumley (2010,
Chapter 6) for svyglm examples, Zuur et al. (2009, Chapter 12) for
geeglm examples, Bates (2010, Chapter 6) for glmer examples, and
Wilson and Lorenz (2015, Chapters 5, 6, and 9) for svyglm, geeglm,
and glmer examples.

3. Results

3.1. Example 1. Occurrence of Bryoria spp.

The obtained population coefficient vectors from the CS, PA, and SL
regression models are denoted by βCS, βPA, and βSL, respectively
(Table 1a). In each model we used the same covariates as in the su-
perpopulation (Table A.2, Appendix A, supplementary material). In the
CS model, the estimated variance σα

2 of the random effects is 8.55, and if
we compare with Table A.2 we see, as expected, that βCS is close to the
corresponding superpopulation coefficient vector. In Table 1a, βPA is

Fig. 3. Hair lichens in the genus Bryoria on Picea abies in northeastern Sweden.
Source: Photograph by P.-A. Esseen.
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close to βSL, and the coefficients in βCS are about twice as large as those
in βPA, which agrees well with formula (6) in which the square root
expression on the right-hand side is 1.99.

Design 1: For each sample, we obtained the unweighted SL regres-
sion estimate βSL

 and its estimated standard error ̂ βσ ( )SL
 as well as

the corresponding probability-weighted estimate
∼βSL and its esti-

mated standard error
∼βσ ( )͠ SL . The respective averages of these esti-

mates are given in Table 1b, together with standard deviations of βSL


and
∼βSL, respectively (averages and the standard deviations are

taken over the 10,000 replications). Table 1a and b show that
∼βSL

and βSL
 give nearly unbiased estimates of βSL. By comparing

ave ̂ βσ( ( ))SL
 to std β( )SL

 and ave
∼βσ( ( ))͠ SL to std

∼β( )SL , we conclude that
the estimated standard errors are approximately unbiased, and that
βSL
 is less variable (i.e., more efficient) than

∼βSL. For each replica-
tion, we tested if the sampling design can be ignored for estimating
the coefficient vector βSL using Nordberg's (1989) test. A histogram
revealed that the obtained P-values of Nordberg's test follow, ap-
proximately, a uniform distribution on the interval (0, 1), which
suggests that the sampling design is ignorable for estimating βSL.
Note, in this example, the covariates in the SL models were the same
as those in the superpopulation model that generated the population
of responses, implying that the sampling design is non-informative
(with respect to the superpopulation model).
Design 2: From Table 1a and c it follows that not only the prob-
ability-weighted estimator

∼βSL gives a nearly unbiased estimate, but
that also βPA

 and βSL
 give approximately unbiased estimates of their

respective population coefficients in Table 1a. The estimator βCS
 is

somewhat biased, most notably for the intercept and the coefficient
for temperature. In Table 1c (and other tables to follow), we add the
subscript r to ̂σ in cases where a robust sandwich-type estimator of
standard error has been used for an unweighted estimator of coef-
ficients. In the table, note that ̂ <β βσave( ( )) std( )SL SL

  , i.e., the
standard errors of the coefficients in βSL

 are all underestimated by
the classical estimator. In comparison, we do not see this tendency
for the robust estimator ̂ βσ ( )r SL

 . The estimated standard errors for
βCS
 , βPA

 , and
∼βSL are approximately unbiased. It should be noted that

≤β βstd( ) std( )PA SL
  , indicating that the PA estimator is (slightly)

more efficient than the SL estimator.

3.2. Example 2. Crown limit above/below 5 m.

Based on a sample according to design 1, the best model in terms of
AIC (Akaike information criterion) was the one with stand height, DBH,
volume of P. abies, as well as the interaction term of the latter two
covariates (the model was not improved by adding the inclusion
probability πhjk as a covariate or any interaction terms involving πhjk,
and Nordberg's test of whether the sampling design can be ignored for
estimating the coefficient vector βSL gave a P-value equal to 0.28.) The
same covariates were selected based on a sample according to sampling
design 2, where the drawn sample plots were identical to those in the
former sample. For sake of comparison, we also consider models
without the design variable DBH, i.e., models with only stand height
and volume of P. abies as covariates. The obtained population coeffi-
cients are given in Tables 2a and 3a for the models with and without the
design variable DBH, respectively.

Design 1: For each sample, we obtained the estimates βSL
 and

∼βSL,
and their corresponding estimated standard errors; see Tables 2b
and 3b for the models with and without DBH, respectively. For both
models, we see that βSL

 , in contrast to
∼βSL, gives a somewhat biased

estimate of the corresponding population coefficient βSL, which in-
dicates that the sampling design is not ignorable. Nordbergs's test
rejects the null hypothesis, which states that the sampling design
can be ignored for estimating the coefficient vector βSL, at the 5%
level in 31% and 97% of the Monte Carlo replications for the models
with and without DBH, respectively. The results in Tables 2b and 3b
show that all estimated standard errors are approximately unbiased,
and that those of βSL

 are smaller than those of
∼βSL, on average.

Design 2: By comparing Table 2c with Table 2a and Table 3c with
Table 3a, we see that only the probability-weighted estimator

∼βSL
gives nearly unbiased estimates. The unweighted estimators, βCS

 ,
βPA
 , and βSL

 , all give biased estimates of their respective population
coefficients, and to a larger extent in the models that lack the design
variable DBH. The results in Tables 2c and 3c show that all esti-
mated standard errors are approximately unbiased. For βSL

 this may
seem somewhat surprising, but is most likely due to the fact that the
variance of the random effects is small, i.e., the within-cluster cor-
relation is weak. Another consequence of the small random effect
variance is that ≈β βstd( ) std( )PA SL

  , i.e. the SL estimator is practi-
cally as efficient as the PA estimator. Again, the standard errors of

Table 1
Coefficients for logistic models fit to the lichen occurrence data: (a) Population coefficients; in the cluster-specific (CS) model, ̂ ≈σ 8.55α

2 , and in the population-averaged (PA) model,
̂ ≈ρ 0.43; (b) Monte Carlo estimates for design 1; and (c) Monte Carlo estimates for design 2. Ave denotes sample average and std standard deviation.

(a) (b)

Covariatea βCS βPA βSL Covariatea Ave β( )SL
 Ave ̂ βσ( ( ))SL

 Std β( )SL
 Ave

∼β( )SL Ave
∼βσ( ( ))͠ SL Std

∼β( )SL
Intercept 9.89 5.03 5.00 Intercept 5.00 0.41 0.39 5.02 0.50 0.49
((TEMP+3.3)/5)2 −2.67 −1.33 −1.34 ((TEMP+3.3)/5)2 −1.34 0.07 0.07 −1.36 0.08 0.08
BA/10 −1.03 −0.54 −0.53 BA/10 −0.53 0.10 0.09 −0.53 0.12 0.12
(AGE)/100)−1 −1.45 −0.75 −0.75 (AGE/100)−1 −0.76 0.11 0.10 −0.75 0.12 0.12
log((CL+0.1)/10) −1.36 −0.69 −0.74 log((CL+0.1)/10) −0.76 0.33 0.33 −0.76 0.41 0.42
[log((CL+0.1)/10)]2 −0.69 −0.35 −0.37 [log((CL+0.1)/10)]2 −0.38 0.15 0.14 −0.38 0.18 0.18

(c)

Covariatea Ave β( )CS
 Ave ̂ βσ( ( ))CS

 Std β( )CS
 Ave β( )PA

 Ave ̂ βσ( ( ))r PA
 Std β( )PA

 Ave β( )SL
 Ave ̂ βσ( ( ))SL

 Ave ̂ βσ( ( ))r SL
 Std β( )SL

 Ave
∼β( )SL Ave

∼βσ( ( ))͠ SL Std
∼β( )SL

Intercept 10.09 0.79 0.76 5.04 0.32 0.30 4.97 0.26 0.35 0.33 5.02 0.39 0.37
((TEMP+3.3)/5)2 −2.73 0.18 0.17 −1.34 0.06 0.06 −1.34 0.04 0.06 0.06 −1.35 0.07 0.07
BA/10 −1.05 0.16 0.16 −0.54 0.08 0.08 −0.52 0.06 0.09 0.08 −0.53 0.10 0.09
(AGE/100)−1 −1.49 0.20 0.19 −0.76 0.09 0.09 −0.75 0.08 0.10 0.10 −0.75 0.11 0.11
log((CL+0.1)/10) −1.35 0.36 0.34 −0.68 0.18 0.17 −0.71 0.19 0.24 0.23 −0.75 0.27 0.27
[log((CL+0.1)/

10)]2
−0.69 0.17 0.16 −0.35 0.09 0.08 −0.35 0.09 0.11 0.11 −0.37 0.12 0.12

a TEMP = temperature, BA = basal area, AGE = stand age, CL = crown limit.
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βSL
 are smaller than those of

∼βSL.

To study the effect of the strength of correlation between responses
within clusters, we generated binary responses for each tree in the
population according to the fitted CS model in Table 2a, but with a
random effects variance equal to 8.39 (rather than 0.98 as specified in
Table 2a). Based on these new and more strongly correlated responses,
we performed Monte Carlo simulations using the same setup as was
used in Tables 2–3. The corresponding results for the more strongly
correlated responses are presented in Tables C1–C2 in the supplemen-
tary material (Appendix C). The most striking difference when in-
creasing the correlation between responses is that the coefficients in the
fitted models, except those in the CS models, are shrinked towards zero.
The conclusions drawn from Tables 2–3 remain valid for Tables C1–C2,
with the following exceptions: i) In contrast to the unweighted esti-
mators in Table 2b and c the corresponding estimators in Tables C1b
and C1c are at most mildly biased (cf. Tables 3b, c, C2b, and C2c, where
the design variable DBH is missing in the model, resulting in biased
unweighted estimators); ii) With the new response, Nordberg's test re-
jects the null hypothesis in 4% and 66% of the replications for the
models with and without DBH, respectively; and iii) The standard errors
of the coefficients in βSL

 are all underestimated by the classical esti-
mator in Tables C1c and C2c. In contrast to Tables 2c and 3c, where the
responses were only weakly correlated, we see that the PA estimator is

slightly more efficient than the SL estimator in Tables C1c and C2c.

4. Discussion

We have investigated the need for taking a complex sampling design
into account when analyzing spatially correlated binary response
variables from large-scale surveys using logistic regression models. Our
study has been supported by illustrative Monte Carlo simulations of,
e.g., occurrence of Bryoria spp. in the lower canopy of P. abies. These
simulations show that if a complex sampling design is used to draw a
sample from a population, then unweighted estimators can be notably
biased, whereas weighted estimators of regression coefficients and
standard errors are approximately unbiased. Furthermore, in ecological
studies spatially close measurements are often more similar than distant
ones, and our examples have illustrated that ignoring such spatial
correlations may result in underestimation of standard errors of coef-
ficient estimates. For unit-level (tree-level) covariates, Fitzmaurice
et al. (1993) argue that the standard errors may tend to be over-
estimated, but we have not seen this happen in our study. For avoiding
the problem of biased standard errors, PA and CS logistic regression
models that take the spatial correlation into account are useful. We
have, as expected, seen that the absolute values of the CS coefficient
estimates are generally larger than the corresponding PA estimates, and
that the differences increase with the heterogeneity of the random

Table 2
Coefficients for logistic models fit to the crown limit data: (a) Population coefficients; in the cluster-specific (CS) model, ̂ ≈σ 0.98α

2 , and in the population-averaged (PA) model, ̂ ≈ρ 0.15;
(b) Monte Carlo estimates for design 1; and (c) Monte Carlo estimates for design 2. Ave denotes sample average and std standard deviation.

(a) (b)

Covariatea βCS βPA βSL Covariatea Ave β( )SL
 Ave ̂ βσ( ( ))SL

 Std β( )SL
 Ave

∼β( )SL Ave
∼βσ( ( ))͠ SL Std

∼β( )SL
Intercept −6.09 −5.19 −5.11 Intercept −5.30 0.47 0.45 −5.12 0.57 0.57
H/10 2.09 1.78 1.73 H/10 1.80 0.19 0.18 1.74 0.24 0.23
DBH/100 −0.17 −0.16 −0.10 DBH/100 −0.13 0.15 0.14 −0.11 0.19 0.19
VOLPA/100 1.32 1.16 1.16 VOLPA/100 1.22 0.21 0.21 1.16 0.26 0.26
(DBH/100)(VOLPA/100) −0.11 −0.09 −0.12 (DBH/100)(VOLPA/100) −0.11 0.07 0.07 −0.11 0.09 0.09

(c)

Covariatea Ave β( )CS
 Ave ̂ βσ( ( ))CS

 Std β( )CS
 Ave β( )PA

 Ave ̂ βσ( ( ))r PA
 Std β( )PA

 Ave β( )SL
 Ave ̂ βσ( ( ))SL

 Ave ̂ βσ( ( ))r SL
 Std β( )SL

 Ave
∼β( )SL Ave

∼βσ( ( ))͠ SL Std
∼β( )SL

Intercept −5.87 0.40 0.38 −5.02 0.33 0.32 −4.99 0.32 0.33 0.32 −5.12 0.40 0.39
H/10 2.05 0.17 0.16 1.75 0.14 0.14 1.74 0.13 0.14 0.14 1.74 0.17 0.17
DBH/100 −0.18 0.12 0.11 −0.16 0.10 0.10 −0.14 0.10 0.10 0.10 −0.10 0.13 0.13
VOLPA/100 1.28 0.15 0.15 1.10 0.13 0.13 1.10 0.12 0.13 0.13 1.16 0.16 0.16
(DBH/100)

(VOLPA/100)
−0.10 0.05 0.04 −0.09 0.04 0.04 −0.09 0.04 0.04 0.04 −0.12 0.05 0.05

a H = stand height, DBH = diameter at breast height, VOLPA = volume of P. abies.

Table 3
Coefficients for logistic models fit to the crown limit data (without the covariate DBH): (a) Population coefficients; in the (CS) cluster-specific model, ̂ ≈σ 0.98α

2 , and in the population-
averaged (PA) model, ̂ ≈ρ 0.15; (b) Monte Carlo estimates for design 1; and (c) Monte Carlo estimates for design 2. Ave denotes sample average and std standard deviation.

(a) (b)

Covariatea βCS βPA βSL Covariatea Ave β( )SL
 Ave ̂ βσ( ( ))SL

 Std β( )SL
 Ave

∼β( )SL Ave
∼βσ( ( ))͠ SL Std

∼β( )SL
Intercept −5.96 −5.10 −4.84 Intercept −4.93 0.32 0.30 −4.87 0.38 0.37
H/10 1.85 1.57 1.50 H/10 1.46 0.17 0.16 1.51 0.21 0.21
VOLPA/100 1.04 0.92 0.87 VOLPA/100 0.89 0.07 0.07 0.88 0.09 0.09

(c)

Covariatea Ave β( )CS
 Ave ̂ βσ( ( ))CS

 Std β( )CS
 Ave β( )PA

 Ave ̂ βσ( ( ))r PA
 Std β( )PA

 Ave β( )SL
 Ave ̂ βσ( ( ))SL

 Ave ̂ βσ( ( ))r SL
 Std β( )SL

 Ave
∼β( )SL Ave

∼βσ( ( ))͠ SL Std
∼β( )SL

Intercept −5.50 0.30 0.28 −4.72 0.23 0.22 −4.64 0.21 0.23 0.22 −4.85 0.27 0.27
H/10 1.64 0.15 0.15 1.40 0.13 0.12 1.38 0.12 0.13 0.12 1.51 0.15 0.15
VOLPA/100 0.96 0.06 0.06 0.84 0.05 0.05 0.82 0.04 0.05 0.05 0.88 0.06 0.06

a H = stand height, VOLPA = volume of P. abies.
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effects. CS coefficients also have different interpretations than corre-
sponding PA and SL coefficients.

The CS model is most useful when one wants to provide inferences
for covariates that change within clusters (Hosmer et al., 2013). For
such a covariate, its coefficient has a cluster-specific interpretation.
Thus, the effect is a “within-cluster” one. A CS model is less useful for
covariates that never change within clusters/plots (cf. Fieberg et al.,
2009). An example of the latter is a comparison of montane and non-
montane forests using a dummy covariate. For such a covariate, we
cannot make a “within-cluster” odds-ratio interpretation of its coeffi-
cient. Instead, the odds-ratio interpretation represents a comparison of
a montane forest plot and a non-montane forest plot with the same
value of their random effects, i.e. the coefficient has a “between-cluster”
interpretation. However, as two plots with exactly the same random
effect do not typically exist, this “between-cluster” interpretation is not
likely to be useful in practice. By contrast, effects in PA models are
averaged over all clusters, so those effects do not refer to a comparison
at a fixed value of a random effect. Thus, for covariates that are con-
stant within clusters, a PA model is likely to be more useful (Hosmer
et al., 2013).

An important property of PA (and SL) regression is that the coeffi-
cients can be estimated consistently, even if the dependence structure is
not properly modeled (Rabe-Hesketh and Skrondal, 2012). In addition,
if the degree of dependence between binary responses within clusters is
small enough, then SL regression coefficient estimators are about as
efficient as PA estimators that take the correlation into account
(Tables 2c and 3c). Additional simulations, not presented here, suggest
that this remains valid for correlations up to about ρ=0.3. However,
even if the degree of dependence is weak, we recommend estimation of
standard errors of SL regression coefficients that take the dependence
into account (otherwise we may draw wrong conclusions about the
significance of the covariates). As illustrated in our Monte Carlo si-
mulations, this may be accomplished by using a robust sandwich-type
estimator of variance. In SL and PA models, this robustness property is,
however, an asymptotic property, meaning that the sandwich estimator
may be unreliable unless there are a large number of sampled clusters.
In our simulations, the number of sampled clusters was > 4000, so this
was not an issue. In addition, the sandwich estimator is implicitly re-
lying on the assumption that there are many replications of the re-
sponse associated with each distinct set of covariate values (Rabe-
Hesketh and Skrondal, 2012). Since all our regression models included
several continuous covariates this assumption is not quite true. How-
ever, the sandwich estimator gave nearly unbiased estimates of stan-
dard error in all our simulation examples.

A CS model more fully describes the structure of the correlated
binary data, and is usually a good choice unless the research question
(i.e., the desired coefficient interpretations) requires a PA model (cf.
Diggle et al., 1994; Lee and Nelder, 2004; Muff et al., 2016). For ex-
ample, an advantage of the CS model is that PA effects can be estimated
using marginalization (Lee and Nelder, 2004), and the “marginal
coefficients” of fitted CS models are very similar to those from a PA
model (Hu et al., 1998). Conversely, it is impossible to derive estimates
of CS coefficients from a PA model. Still, the choice between CS and PA
is usually not crucial to inferential conclusions (Agresti, 2007). That is,
if one effect is judged more important than another in a CS model, the
same is usually true also in a PA model. An advantage of PA models is
that they require less restrictive assumptions for making consistent in-
ferences about coefficients (Heagerty and Kurland, 2001; Hu et al.,
1998; Zeger, 1988). For example, in CS models the random effects
distribution needs to be correctly specified for consistent inferences
(Zeger, 1988). In the PA model, there is no need to specify this dis-
tribution, and Liang and Zeger's (1986) GEE approach yields consistent
estimators of coefficients and standard errors even if the assumed
working correlation is misspecified.

If the design does not contain any “relevant” information on the
response which is not accounted for by the covariates, then an

unweighted (SL, PA, or CS) model is to prefer. This is because an un-
weighted model is easier to understand, explicitly describes the re-
lationship between the probability of response value one and a set of
covariates, and, as illustrated in our Monte Carlo simulations, has es-
timated coefficients with smaller standard errors (cf. Lohr and Liu,
1994). It may be difficult to verify this sufficient condition, but com-
parisons of unweighted and weighted estimates of coefficients can be a
useful tool for improving (if needed) the specification of the model
(Korn and Graubard, 1995; Lohr and Liu, 1994; Reiter et al., 2005).
When the sampling design is ignorable, the unweighted and weighted
estimates should be similar, since both estimators are consistent
(Pfeffermann, 1993). If, however, the unweighted and weighted coef-
ficient estimates are notably different (and especially if the difference is
of practical importance), then this indicates a need for further statistical
investigation (Lohr and Liu, 1994). In this case, a plausible explanation
is that the model may be missing important covariates correlated with
the inclusion probabilities or interaction terms involving such covari-
ates.

5. Conclusions

Solid statistical models based on large-scale surveys have a great
potential to increase our understanding of factors influencing the oc-
currence of species and specific habitats. The kind of models in-
vestigated in our study can, for instance, be used to explore the effects
of climate change or modified forest management methods on the
distribution of target species, such as hair lichens. However, our study
emphasizes the need to at least explore the effects of complex sampling
when applying logistic regression models in large-scale surveys. We also
stress the importance of taking spatial correlations into account in the
modeling. Ignoring these correlations in the data and/or the sampling
design can lead to erroneous conclusions. In (SL, PA, or CS) logistic
regression for spatially correlated data collected using complex sam-
pling designs, we recommend performing both unweighted and
weighted analyses, and the more the sampling mechanism deviates
from simple random sampling the more important this is. If there is a
notable difference between the two sets of estimated coefficients, we
recommend resolving the discrepancy by adding covariates related to
the inclusion probabilities (cf. Nordberg, 1989; Lohr and Liu, 1994;
Reiter et al., 2005). If i) the discrepancy cannot be resolved by mod-
ifying the model, ii) it is not possible to add all important covariates due
to parsimony, and/or iii) the modified model is not “ecologically re-
levant”, then the inclusion probabilities may contain information on the
response which is not accounted for by the covariates in the proposed
unmodified model. In this case, when a probability-weighted analysis is
presented, the analyst should state that the inclusion probabilities may
contain such information. A probability-weighted analysis may also be
preferred if it entails only a small loss of efficiency (cf. Korn and
Graubard, 1991).
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