
Design-based analysis 

The design-based approach is used when the objective of the analysis is to 

estimate descriptive statistics for a finite population U. A finite population 
consists of a fixed set of values and the only source of random variation is 

the sample design used to select a sample from this fixed population. 
Finite population parameters describe the finite population, from which we 

draw our sample. These quantities always portray the population at a 
given time point (the time of sampling).   

For example, suppose that a researcher is interested in making inference 
about the population of people 25 to 34 years old and living in the ten 

Canadian provinces during the survey reference period and wants to 
estimate the proportion of individuals employed during the reference year. 

In this case, the target population is finite, composed of N individuals, the 
variable of interest y is a binary variable (yi=1 if individual i was employed 

during the reference year and yi=0 otherwise) and the parameter of 

interest is fixed but unknown quantity Ny
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̂ , where n is the number of individuals 

in the sample and iw  is the survey weight of individual i. The weight 

indicates how many individuals in the population are represented by the 

individual i in the sample. When iiw 1 , where i  is the probability of 

selecting the individual i in the sample, N̂  is referred to as the Horvitz-

Thompson estimator. Typically, the weight iw  is obtained by applying 

several adjustments to the basic design weight. These adjustments 

account for nonresponse by some sampled individuals and assure 
calibration with known population totals.  

The variance of the sampling distribution of N̂  is 
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NpNpNp EEV   where the subscript p indicates that the 

expectation is under the given sample design p, i.e. over all possible 
samples that could be selected under the given design p. Complex survey 

designs involve stratification, clustering and multiple stages of selection 

which make the estimation of   NpV ̂  intricate. In addition, the variance is 

also affected by nonresponse adjustments and calibration. Several 

methods of variance estimation are described in Chapter 9 of Lohr (1999).  

For most of the variance estimation methods, there are theoretical results 

in the literature which state the conditions under which    NpNN V  ˆˆˆ   



asymptotically follows a standard normal distribution. For more details and 
references see, for example, Section 9.5 of Lohr (1999). 

Model-based analysis 

Analysts adopting a model-based approach are interested in drawing 

inferences about populations more general than the fixed finite population 
from which the sample was selected. Their goal is to discover some 

universal truth, represented by model parameters. In sampling theory we 
refer to this model as the superpopulation that generated the finite 

population we are studying.   
 

A superpopulation model describes the relationship between the variables 
by means of a model, ξ.  Here the model builder is not interested in the 

finite population U at a given time point, but, instead, in the parameters 
of the superpopulation model. For example, consider a linear regression 

model  2,0...,,,,,1,  NdiiNiy Niiii  βx , where the model 

describes a relationship between the dependent variable, log earnings, 

and characteristics like education level, age, job characteristics, 
experience, gender, etc.  We need to distinguish between the finite 

population vector of regression coefficients, Nβ , defined in terms of the 

finite population quantities, and the model parameter β  (Pfeffermann, 

1993). 
 

Under a pure model-based approach, survey weights are not used in the 

analysis and inferences are conducted with respect to the variance under 
the model. If the model holds for all units in the population, the model-

based estimators of the model parameters are optimal. On the other 
hand, if the model fails to hold, the model-based estimators will likely 

have very poor properties. Therefore, a joint design-model-based 
approach is recommended which uses both, the randomization under the 

design and the randomization under the model. Under this approach, 
survey weights and total variance, under the design and the model, are 

used in the analysis.  
 

In many situations, the total variance can be approximated by the design 

variance  ̂pV . The approaches suitable for inference regarding model 

parameters when using complex survey data are discussed by Binder and 
Rogers (2003). 

 
Korn and Graubard (1999) and Heeringa et al. (2010) provide very useful 

references for researchers using survey data for analysis. 

 

 



Informative and ignorable designs 

…then since a simple random sample of a simple random sample, is itself a simple random 

sample the problems of inference can be dealt with along classical lines. 

     Barnard (1973) 

 

Although Barnard (1973) was correct in noticing a simple random sample 
of a simple random sample is also a simple random sample, most survey 

samples are not simple random samples!  If the selection probabilities 
depend on y through more than the covariates then we will make 

erroneous conclusions if we do not consider the design (Pffeferman 1993, 
1996, 2003, Rao and Scott 1981).     

Deciding on the appropriate approach to analysis of survey data is related 
to the concepts of ignorable sample designs and informative sample 

designs.  As Binder and Roberts (2001) state, a design is ignorable for a 
particular analysis if the inference based on all the known information, 

including the design information, is equivalent to the inference based on 
the same information, excluding the outcomes of the random variables 

related to the design. An informative sample design yields samples for 
which the distribution of a variable of interest is different from its 

population distribution (Binder, Kovacevic, Roberts, 2005). All non-
informative designs are ignorable but not vice versa. 
 

Design effects, confidence intervals and statistical tests 

 
Kish (1965) suggested that a way to summarize the effect of the sample 

design on the variance of the estimate was to look at the following ratio 
which he named the design effect (deff): 
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ˆ  , where N̂  is 

a design-consistent estimator of N  based on survey weights from the 

respective survey designs. 
 

Thus deff is a measure of the precision gained or lost due to using a 
complex sample design instead of a simple random sample (SRS). 

Stratification usually increases the precision while clustering and weighting 
decrease it. Typically, for stratified multi-stage cluster sampling the values 

of deff are greater than 1, indicating a loss of precision compared to SRS. 
The values of deff tend to be large for estimates of the population totals, 

means and proportions and could be substantially smaller for regression 
coefficient estimates (Kish, 1995; Park and Lee, 2004; Heeringa et al., 

2010).  
 

When design information is not available to estimate  NpV ̂ , but the 

design effect is known, then the analysts can use deff to adjust  NSRSV ̂ˆ  



produced by standard software and obtain confidence intervals or test 
statistics for finite population proportions, means and totals (see Section 

7.5 in Lohr, 1999). For example, a 95% confidence interval for a mean of 
variable y, when sample size n is large, can be estimated as 
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design-consistent estimator of NyY
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of individual i, and   
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When using complex survey data for fitting a regression model, the 

variance estimates for individual regression coefficients produced by 
standard software would need to be adjusted by the individual design 

effects to obtain confidence intervals 

    .,,1,ˆˆˆˆ pkVdefft kSRSkk    The estimator k̂  is assumed to be 

the weighted least squares (WLS) estimate of the finite population 

coefficient kN ,  and also of the model parameter k . The weights used in 

the WLS estimation are the survey weights and not the weights for 

correcting heterogeneity of the error variance. For complex design, the 
number of degrees of freedom for the Student t distribution is usually 

approximated by strataclusters ##   (see Section 3.5 in Heeringa et al., 

2010). Korn and Graubard (1990) propose using the Bonferroni method 
for simultaneous inference about regression parameters. For the overall F-

test, one would need a design-consistent estimate of the pxp variance-

covariance matrix,  kp βV ˆˆ , or a pxp matrix of design effects and  kSRS βV ˆˆ .  

 
For contingency tables, various methods have been proposed to account 

for the survey design when testing for homogeneity of population 

proportions or independence of variables. The first-order correction 
proposed by Rao and Scott (1981; 1984) uses the design effects for 

estimating the cell, row and column proportions. For more details, see for 
example 10.3.3 in Lohr (1999) or 6.4.4 in Heeringa et al. (2010).  


