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Abstract

In recent years, an increasing number of researchers
have been able to access survey microdata files. These
researchers perform various analyses to summarize the
data and to describe relationships in a target popula-
tion. Many of these researchers use analytic software
without having a good understanding of the statistical
underpinnings behind the methods being applied.
Some of the issues facing the researchers include un-
derstanding the survey weights, understanding infor-
mative sampling, using variances that are model-
dependent, incorporating survey design information
into the modeling process, and integrating data from
more than one survey. In this paper we discuss a
framework within which these issues may be dis-
cussed.

Keywords: Complex survey data, Survey weights,
Variance estimation, Survey integration, Model-
design-based randomization.

1. Introduction

Data analysis is the process of transforming raw data
into usable information. This process involves many
important steps, including identifying an issue, asking
meaningful questions, developing answers to these
questions through examination and interpretation of
data and, finally, communicating the results. In recent
years, many more researchers have gained access to
rich sources of survey microdata and have been asking
about appropriate methods for examining and
interpreting such data. They know that survey data are
complex due to the stratification, clustering and un-
equal selection probabilities used to select the sample
and also due to nonsampling problems such as cover-
age and nonresponse. They want to know whether and
how such complexities should be accounted for when
they are interested in investigating a variety of ques-
tions about a population - where, sometimes, that
population is finite, and, other times, it is infinite. For
a general discussion of this topic, see Korn and
Graubard (1995) and Graubard and Korn (2002). The
purpose of this paper is to propose a framework within
which many of these researchers’ questions may be
discussed. For the remainder of this paper, we will
restrict the word “analysis” to refer to the steps in the
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data analysis process that are involved with the exami-
nation and interpretation of the data.

In choosing an appropriate analysis method for survey
data, the first question that needs to be addressed is
what the target population for the analysis is. In Sec-
tion 2 of this paper we will define and discuss both
finite and infinite target populations and will illustrate
their difference through some examples. We will then,
in Section 3, discuss the principles for making statisti-
cal inferences for the two types of target populations.
We will follow this, in Section 4, by an explanation of
the most common approaches to analysis of survey
data and provide some arguments for choosing a de-
sign-based approach when a researcher wishes to esti-
mate and make inferences about model parameters.
Finally, in Section 5, we will illustrate the principles
and approaches that we are proposing through the ex-
amination of questions related to the integration of data
from more than one survey in a single analysis. Some
concluding remarks are given in Section 6.

2. Target Population of an Analysis

When a researcher begins his analysis, his first step is
to specify his target population. The target population
is the population about which the researcher wishes to
make conclusions. It could vary with the issue being
studied, even if the same survey is being used. It also
usually differs from - and may not even overlap with -
the survey population, which consists of the finite set
of all units that are eligible for selection through the
frame and survey design being used.

In this paper, we find it useful to categorize target
populations by whether they are finite or infinite.
Some properties of each category are described in the
following two subsections.

2.1 Finite Target Population

When his target population is finite, the quantities of
interest to the researcher are generally characteristics
of that finite population. These are characteristics such
as a population average or population prevalence.

When planning and implementing a survey and prepar-
ing the resultant data files, the survey producer also
has a target population in mind, which may or may not
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coincide with the researcher’s target population.
While the survey producer’s target population is finite,
like the survey population, these two populations usu-
ally differ, as seen in Figure 1. In the case of a house-
hold telephone survey, for example, the survey popula-
tion would lack any individuals in households without
a telephone, even though these people could be in the
survey producer’s target population. The survey pro-
ducer usually provides weights in his data files to al-
low estimation of characteristics of his finite target
population. These weights contain adjustments for
known differences between the survey producer’s sur-
vey and target populations. If the researcher’s target
population differs from the survey producer’s target
population, adjustments to the weights provided by the
survey producer may be required to account for these
differences.

Figure 1. Finite Target Population and Survey
Population
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An example of a research question related to a charac-
teristic of a finite target population is the following:
“Was there a difference in 2002 between Ontario and
Quebec organic farmers in average expenses per acre
to grow tomatoes?” To study such a question, the re-
searcher might have access to the data from a 2002
cross-sectional survey of Canadian farmers where
questions were asked about organic farming techniques
used that year for various crops. The researcher’s tar-
get population is a domain in the finite population tar-
geted by the survey provider.

2.2 Infinite Target Population

A researcher’s target population is generally said to be
infinite when the values of variables for this population
are thought to have been generated by a statistical
model. The quantities of interest to the researcher are
characteristics of the model, such as the model parame-
ters. Consider, for example, the problem of investigat-
ing whether obesity is a risk factor for arthritis, con-
trolling for age and sex. In this case the researcher
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may have a logistic model in mind and be particularly
interested in the coefficient of the obesity variable.
The researcher is not confining his target population to
any finite group at a fixed point in time, but may feel
that the logistic model approximately describes the
relationships among the variables involved during the
past 15 years in western cultures, for example. Thus,
his target population could be considered to be infinite.
Suppose the researcher had used a 1995 American
health survey as his data source for fitting and testing
his model. It would seem reasonable to presume that
the researcher’s logistic model could have generated
the values of the variables involved for a finite popula-
tion such as the finite population targeted by the pro-
viders of the data for that health survey.

While the quantities of interest to the researcher are
parameters of a model generating an infinite popula-
tion, there are finite population parameters associated
with these quantities of interest. In the case of the lo-
gistic model described above, the finite population
parameters associated with the model coefficients
could be the estimates of these coefficients when all
the values from the full finite population are available.
Such estimates are descriptive parameters of the finite
population and frequently are useful summary statistics
in their own right. In Figure 2 we illustrate the rela-
tionships among the various quantities when the target
population is infinite. In this figure, & represents the
quantities of interest in the infinite target population,
whereas 6, represents the associated finite population

quantities.

Figure 2. Infinite Target Population
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3. Principles for Making Statistical Inference

For statistical inferences, a researcher is interested both
in what he observed and in what he did not observe.
Of primary interest is the distribution of estimates un-
der hypothetical random repetitions. The distribution
of these estimates depends on whether or not a statisti-
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cal model is presumed to have generated the values of
a finite population, and the properties of the model. As
well, the distribution of the estimates may or may not
be affected by the sample design.

Consider, first of all, the case of a finite target popula-
tion where no statistical model is presumed to have
generated the finite population and where the only ran-
domization is the design-based randomization. This
case is illustrated in Figure 3. Here, the characteristic
of interest is a descriptive parameter of the finite popu-
lation represented by 6,,. Through the sampling de-

sign for the survey, sample i is selected and the esti-
mate of @, derived from this sample is denoted by éi.

However, it is possible that, under the sampling design
used, a large number of samples different from sample
i could have been chosen, each of them leading to their
specific estimate of 6, . The distribution of these dif-

ferent possible estimates is what may be called the
design-based sampling distribution of the estimate.
This is the basis for design-based inferences.

Figure 3. Design-based Randomization
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Let us now turn to the case of an infinite target popula-
tion where the values of variables for this population
are described through a model and it is a characteristic
of the model, say &, that is of primary interest to the

researcher. Model-based inferences are based on the
sampling distribution of the estimates of that character-
istic due to different samples being drawn directly
from that model. This is illustrated in Figure 4.

The final case that we wish to present is still the case
of the infinite target population where the values of
variables for this population are thought to have been
generated by a statistical model and it is the character-
istics of the model that are of primary interest to the
researcher. However, we want to explicitly account
for the presumption that the model could have gener-
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ated the values of the variables in the finite population
from which the survey sample was drawn. In this
situation, our focus is on the distribution of the esti-
mates of the model parameters of interest, and we want
to take account of the variability implied by the model
as well as the variability implied by the survey design.
This case is called model-design-based randomization
and is illustrated in Figure 5. We feel that this is the
randomization framework under which many questions
related to appropriate analysis methods for survey data
could be best explored. For a more rigorous treatment
of the asymptotic theory in the design-model-based
framework, see Rubin-Bleuer and Schiopu-Kratina
(2005).

Figure 4. Model-based Randomization
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In summary, if we let @ represent the characteristic of

interest (which could be 6,5 ord,) and if we let 0 be
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its estimator, then the distribution of 0 is the distribu-
tion of the different conceptual values of this estimator,
depending on the randomization assumptions that have
been made: design-based, model-based or model-
design-based. This implies, for example, that the ex-
pected value of the estimator is

k
E. =lim,_. > 6 /k.
i=1

where él,éz,...,ék are k independent draws from the

distribution. The bias of @ is then the difference be-
tween this expected value and the target parameter.

Also, the variance of é is

k
V. =lim,_,. Y (6 - E) k.
i=l
Both the target population and the randomization as-
sumptions matter when it comes to the values taken by
these quantities.

3.1 Informativeness and Ignorability

When variability due both to the model and to the sur-
vey design is being considered, two concepts encoun-
tered in the literature are informativeness and ignora-
bility. See Pfeffermann (1993) for some discussion of
these.

The generation of the observed sample is actually a
two-phase process, where at the first phase the finite
population is generated according to the model and at
the second phase the sample is drawn according to the
survey design. When the sample can be assumed to
have been generated directly from the model (without
this affecting the distribution of the sample variable
values), the sampling is said to be not informative.
Otherwise it is informative. Simple random sampling
designs are noninformative. For more complex sam-
pling plans, whether or not the sampling is informative
will depend on the validity of the model assumptions
for the observed sample. The concept of informative-
ness is illustrated in Figure 6.

Next, consider a particular analysis of the data gener-
ated from this two-phase process. If a model-based
method of inference for the analysis is valid under the
two-phase model-design-based randomization process,
the sampling is said to be ignorable for that analysis.
Otherwise it is nonignorable. For example, when fit-
ting a linear model using ordinary least squares regres-
sion estimation, if the actual model residuals are corre-
lated within sampled clusters in a cluster sample, the
sample design is nonignorable if the intra-cluster corre-
lation is not properly taken into account. The concept
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of ignorability is illustrated in Figure 7 for inferences
about the model parameter, 6. It follows that nonin-
formative sampling is ignorable for all analyses

(Binder and Roberts, 2001). Some research has been
done on diagnostics for ignorability (see, for example,

Fuller (1984)).

Figure 6. Non-informative Sample Design
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Figure 7. Ignorable Sampling
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4. The Most Common Approaches to Analysis

The two approaches commonly used for analyzing
survey data are the following:

(a) Design-based: This is the most commonly used
approach for estimating finite population quantities for
large-scale surveys, and is, as discussed below, also
often appropriate when making inferences about model
parameters. In this approach, the only source of ran-
domness explicitly accounted for is that due to the sur-
vey design. Survey weighting is used to produce esti-
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mates of unknown finite population quantities — which
are the descriptive quantities of interest in the case of a
finite target population and are related to the model
quantities of interest in the case of an infinite target
population. Design-based variance measures the vari-
ability among estimates from possible samples selected
by the same design from the same finite population.
There are a variety of methods for obtaining design-
based variance estimates.

(b) Model-based: This approach, which is generally
used when the quantities of interest are the parameters
of a model, assumes that all randomness is expressed
explicitly in the model. It is thus possible that a model
for the infinite population will need modification so
that it details the impact of the survey design on the
variables being described in the sample taken. Classi-
cal non-survey approaches are used to fit the model,
estimate variances and make inferences.

4.1 Why Take a Design-based Approach

When the target population is infinite and the quanti-
ties of interest are parameters of a model generating
values of the variables in a finite population, we con-
tend that model-design-based randomization can serve
to explain how the survey data were generated. How-
ever, we feel that, for a great number of problems stud-
ied by researchers, a pure design-based approach can
still lead to valid inferences in the model-design-based
randomization framework. There are several reasons
for this.

First of all, under model-design randomization, a de-
sign-based approach gives valid inferences for model
parameters when the mean model is approximately
correct for the infinite population and when sampling
fractions are small. Obviously,

6,-0:=(,-6,)+(6,-6:) .

Thus, if E,(0,)=6,and E(8,) = 6;, then

Es (6, -6:)=0 .
Also,

Ve, (8, —60:)=V:(0,)+E:V,(@8,)

=0(/N)+0(/n).

If the sampling fraction, n/N, is small,
Vs (ép —0:)=E:V, (ép) ’

and using Vp (ép) will give valid model-design-based

inferences about 6’5 .

Secondly, researchers — particularly secondary users of
the data — may not know enough about the design to

completely model its impact. Even if a researcher does
know the design well, suitable design variables may
not exist on the data files provided for analysis for in-
clusion in a parsimonious model. Thus, appropriate
modification of a model to explain the survey data may
not be feasible and thus a design-based approach may
make more sense.

Finally, a researcher may not want design variables in
his model since inclusion of these variables could
change the interpretation of other model parameters
(see, for example, Chambers (1986)). Using the form
of the model that generates the infinite population, plus
design-based methods to implicitly account for the
impact of the survey design on the model holding in
the sample thus may seem like a more palatable option.

It should be noted that a pure design-based approach
would not be valid under model-design-based ran-
domization when sampling fractions are not small.
However, in this case, the model-design-based frame-
work could point to appropriate corrections to the de-
sign-based variance estimates.

5. Applying These Principles and Approaches to
Integrating Data From More Than One Survey

As data are being collected and are being made acces-
sible to researchers from an increasing number of sur-
veys, the researchers are noting that comparable vari-
ables of interest are available from more than one sur-
vey source. It is often the case that the sample sizes
for the problem that they wish to study are small in
each of the survey sources. Of interest to these re-
searchers is whether and how to perform the analysis
by integrating the data from more than one survey.

5.1 Integrating When Target Population is Finite

Let us start with the situation where the quantity of
interest is a descriptive parameter that is a characteris-
tic of a finite population. The quantity of interest
could be, for example, the prevalence rate of a disease
or the proportion of smokers in a population.

In Figure 8, we illustrate a complex case where teen-
agers were sampled in 1994, 1996, and 1998. How-
ever, the target population of interest to the researcher
includes all teenagers in the years 1994 to 1998, so that
teenagers in 1995 and 1997 are also part of the re-
searcher’s target population. Note that the population
of all teenagers in the years 1994-1998 is a conceptual
one, since it never exists at any single point in time.
Note also that persons who were teenagers in more
than one year are considered here as different units in
the conceptual finite population.
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Figure 8. Integrating with Finite Target Popula-
tions

In the case described here, and in many other situa-
tions, the question that arises is whether it makes sense
to integrate the data from more than one survey. Such
integration could be considered when either of the fol-
lowing two conditions apply:

(i) if the researcher’s target population is the combina-
tion of the finite populations targeted by the survey
producer for the different surveys (i.e., each finite
population is like a super-stratum). In this case, the
quantity of interest need not be assumed to be constant
over the different super-strata, although whether or not
this is true could influence the choice of approach to
integration;

(i) if the researcher’s target population is a bigger
population than the combined finite populations tar-
geted by the survey producers, as in our example
above. In this case, some assumptions about the rela-
tionship between the quantities of interest in the popu-
lations that were not sampled with the quantities of
interest in the populations that were sampled would
need to be made. For example, one might assume that
for the population illustrated in Figure 8 the average
smoking rate for teenagers in the years 1994-1998 is
similar to the average over only the years 1994, 1996,
and 1998. Alternatively, for some other characteristic,
such as prevalence rate for some health condition, one
might assume that the characteristic of interest is con-
stant, or has a constant linear trend, over all the years
in the researcher’s target population.

In the next two subsections, we describe the two broad
choices for integrating the data.

5.1.1 Separate Approach to Integration

The first broad choice for integrating the data would be
to estimate the parameter from each data source sepa-
rately and then to combine the estimates through aver-
aging. Before proceeding, the researcher should per-
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form some preliminary work.

First of all, he should check on the assumption of
equality of the parameter across the different finite
populations. This confirmatory work could involve
some formal statistical testing and also background
investigation into the subject matter. (The power of the
statistical tests may not be high if the sample sizes
from each survey are low.)

Secondly, he should consider the meaning of the aver-
age of estimates if the parameters are unequal, and
determine whether, in such a case, the average would
have relevance to his research.

As well, he should consider whether a weighted aver-
age, rather than a simple average, would have more
advantages for his particular research. The large body
of research into the topics of population-size-adjusted
or design-effect-adjusted weighting could help with
this decision. However, it is important to note that
“optimal” methods for weight adjustments may depend
on knowing the variances or design-effects of an esti-
mate, and these variances are often estimated from data
based on small sample sizes.

When the surveys are independent, it is usually feasi-
ble to construct estimates of the variances for the esti-
mator using a separate approach. On the other hand,
when the surveys are not independent, the correlation
between surveys will need to be accounted for in the
variance estimates.

5.1.2 Pooling Approach to Integration

As a second approach to integration, the researcher
could pool the data from the different surveys, consid-
ering the data from each as being from a different su-
perstratum, and then treat the data as if from a single
survey. However, before proceeding, there are again
some things to consider.

The researcher should do some confirmatory work
regarding an assumption of equality of the parameter
across the superstrata. He should consider the meaning
of the pooled estimate if equality is not true. (For ex-
ample, does he actually want an estimate of the preva-
lence rate in the pooled populations if the prevalence
rates within the different populations are not the
same?)

He could also consider whether doing weight rescaling
within each data source would be advantageous. For
example, he could explore whether it lead to a more
efficient estimate. However, in the situation of un-
equal parameters in the different finite populations, he
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would need to consider whether the rescaled estimate
would make sense.

As in the case of a separate approach, it is usually fea-
sible to construct estimates of variances when a pooled
approach is used.

It should be noted that only under specific conditions
would the two approaches — pooled and combined —
give the same point estimate (even when estimating the
same quantity).

5.2 Integrating When Target Population is Infinite

We now turn to the situation where the quantities of
interest are parameters of a model describing an infi-
nite population.

It would seem feasible for a researcher to consider in-
tegrating the data from more than one survey if the
statistical model (which describes an infinite popula-
tion) could be presumed to have generated the values
of each of the finite populations targeted by the survey
producers for the different surveys under consideration
for integration. Furthermore, the model could — and
probably should — contain parameters particular to
each finite population.

As is the case for a descriptive parameter of a finite
population, either pooling or combining are possible
approaches for integrating the data from the different
surveys.

However, for the infinite population, where modeling
is involved, the pooling approach has some distinct
advantages. When pooling, it is generally straightfor-
ward to allow for and to test for inequalities in parame-
ters among the different finite populations presumed to
have been generated by the model. Consider, for ex-
ample, the simple situation displayed in Figure 9,
where three different surveys collected information on
the same two variables and where the model of interest
to the researcher posited a linear relationship between
the two variables. If the researcher pooled the data
from the three surveys and fitted a linear model with-
out consideration of the source of each data point, his
estimated line would have had a strong positive slope,
as shown on the left of Figure 9. If, however, he al-
lowed for different slopes and intercepts for the differ-
ent data sources in his model for the pooled data, his
estimated lines would have the form shown on the
right of Figure 8. It appears as if the lines are parallel,
but with a negative slope. Further investigation by the
researcher reveals that the negative linear relationship
between the two variables made sense and that the dif-
ference in the locations of the lines for the three finite
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populations presumed to have been generated by the
model could be attributed to a survey effect, such as
mode effect, of which the researcher had not been pre-
viously aware.

Figure 9. Fitting Linear Models Using Integrated
Surveys
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6. Conclusions

There is controversy about using a design-based ap-
proach for estimating model parameters. We feel that
the issues raised in this controversy can be discussed
and clarified in a model-design-based framework. As
well, as shown in this paper, use of this framework will
identify the situations where a pure design-based ap-
proach makes sense. In these discussions, the notion
of the appropriate target population is important.
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