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On the Use of Data Collection Process Information for the Treatment of  
Unit Nonresponse Through Weight Adjustment 

Jean-François Beaumont 1 

Abstract 

Nonresponse weight adjustment is commonly used to compensate for unit nonresponse in surveys. Often, a nonresponse 
model is postulated and design weights are adjusted by the inverse of estimated response probabilities. Typical nonresponse 
models are conditional on a vector of fixed auxiliary variables that are observed for every sample unit, such as variables 
used to construct the sampling design. In this note, we consider using data collection process variables as potential auxiliary 
variables. An example is the number of attempts to contact a sample unit. In our treatment, these auxiliary variables are 
taken to be random, even after conditioning on the selected sample, since they could change if the data collection process 
were repeated for a given sample. We show that this randomness introduces no bias and no additional variance component 
in the estimates of population totals when the nonresponse model is properly specified. Moreover, when nonresponse 
depends on the variables of interest, we argue that the use of data collection process variables is likely to reduce the 
nonresponse bias if they provide information about the variables of interest not already included in the nonresponse model 
and if they are associated with nonresponse. As a result, data collection process variables may well be beneficial to handle 
unit nonresponse. This is briefly illustrated using the Canadian Labour Force Survey. 
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1. Introduction  
Unit nonresponse is often handled in surveys by using a 

nonresponse weight adjustment method. The basic principle 
that is often chosen is to adjust the design weights by the 
inverse of estimated response probabilities (see, for exam-
ple, Ekholm and Laaksonen 1991). These estimated re-
sponse probabilities are obtained by postulating a model for 
the unknown nonresponse mechanism, which we call the 
nonresponse model. Key to reducing the nonresponse bias 
and variance as much as possible is to condition on a vector 
of auxiliary variables that are observed for every sample 
unit and that are good predictors of both nonresponse and 
the variables of interest (Little and Vartivarian 2005). 
Usually, the auxiliary variables are treated as being fixed 
both unconditionally and conditionally on the selected 
sample.  

In this note, we consider using Data Collection Process 
(DCP) variables as potential auxiliary variables to be 
included in the nonresponse model. An example is the 
number of attempts to contact a sample unit. Such type of 
data is sometimes called paradata (see Couper and Lyberg 
2005 for a recent reference on paradata) and has been used 
to deal with unit nonresponse by Holt and Elliott (1991), 
among others. In our treatment, contrary to Holt and Elliott 
(1991), DCP variables are taken to be random, even after 
conditioning on the selected sample, since they could 

change if the data collection process were repeated for a 
given sample.  

DCP variables may be particularly useful in cross-
sectional surveys where the auxiliary variables available to 
handle unit nonresponse are often limited to variables used 
to construct the sampling design. Although such design 
variables are not useless, they are often neither very good 
predictors of nonresponse nor the variables of interest. The 
additional information from data collection process may be 
welcome in these cases. In longitudinal surveys, there is a 
wealth of potential auxiliary variables to deal with wave 
nonresponse. DCP information may thus not have the same 
importance to compensate for wave nonresponse than the 
importance it has to compensate for unit nonresponse in 
cross-sectional surveys. However, we have yet to study this 
in any depth. It may turn out that, at change points, DCP 
variables may matter greatly.  

In section 2, we introduce notation and theory concerning 
the effect of using random auxiliary variables in the 
nonresponse model when estimating population totals. This 
issue of the randomness of DCP auxiliary variables was 
raised and debated at Statistics Canada’s Advisory Commit-
tee on Statistical Methods after the paper by Alavi and 
Beaumont (2004) was presented. The goal of section 2 is 
thus to shed some light on this issue. The use of DCP 
variables to adjust design weights for nonresponse is briefly 
illustrated in section 3, using the Canadian Labour Force 
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Survey (CLFS). The last section, section 4, contains a brief 
summary of the paper. 

 
2. Theory  

Let us assume that we are interested in estimating the 
population total ∑ ∈= Uk ky yt  of a variable of interest y  
for a certain fixed population U  of size .N  From this pop-
ulation, a random sample s  of size n  is selected according 
to a probability sampling design ),|( Dsp  where D  is a 

−N row matrix containing kd′  in its thk  row and d  is the 
vector of design variables. Let also assume that, in the ab-
sence of nonresponse, we would use the Horvitz-Thompson 
estimator ,ˆ ∑ ∈= sk kky ywt  where kkw π= /1  is the design 
weight of unit k  and )( skPk ∈=π  is its selection proba-
bility. 

Usually, due to a number of reasons, unit nonresponse 
occurs so that the variable y is only observed for a subset rs  
of ,s  the respondents. Along with rs , a random vector z  
of DCP variables is also observed for every sample unit 
according to a joint mechanism ,(# sq Z ).,,,| XDYss r  
As mentioned in the introduction, the number of attempts to 
contact a sample unit is an example of a DCP variable. The 
vector z  of DCP variables and the set of respondents rs  
are random after conditioning on the selected sample since 
these quantities would likely take different values if the data 
collection process were repeated for a given sample. The 
quantity sZ  is a −n row matrix containing kz ′  in its thk  
row, Y  is a −N element vector containing ky  in its thk  
element and X  is a −N row matrix containing kx′  in its 

thk  row. The vector x  is a vector of additional fixed 
auxiliary variables. For instance, these auxiliary variables 
could come from an administrative file or, in a longitudinal 
survey, they could be the variables of interest observed at 
the previous wave. As a result, the vector x  may not be 
available for nonsample units. Table 1 summarizes the 
availability of the different types of variables for the re-
spondents, nonrespondents and nonsample units.   

Table 1 
Availability of Variables 

 

 y z x d 

Respondents: rs  YES YES YES YES 

Nonrespondents: rss −  NO YES YES YES 

Nonsample units: sU −  NO NO * YES ** YES 
 

* The vector z is not even defined for nonsample units. 
** The vector x may not always be available for non-

sample units.  
The joint mechanism ),,,|,(# XDYZ ssq rs  can be 

factorized into two distinct random mechanisms: i) 
),,,|(# XDYZ ss  and ii) ).,,,,|( sr ssq ZXDY  The 

former is called the DCP mechanism while the latter is 
called the nonresponse mechanism. This factorization will 
be useful later to obtain properties of our nonresponse-
weight-adjusted estimator defined in equation (2.2) below. 
We assume that  

),,,,|(),,,,|( sssrsr ssqssq ZXDZXDY =  (2.1)  

where sD  and sX  are the sample portions of D  and X  
respectively. This assumption implies that the nonresponse 
mechanism is independent of (or unconfounded with) ,Y  
after conditioning on sss XD ,,  and ,sZ  and that the data 
are missing at random. However, we make no explicit 
simplifying assumption about the DCP mechanism so that it 
may well depend on ,Y  even after conditioning on D,s  
and .X  

To compensate for unit nonresponse, we consider the 
nonresponse-weight-adjusted estimator 

,
)ˆ(

ˆ NWA ∑
∈

=
rsk

k
k

k
y y

p

w
t

α
 (2.2) 

where );,,,|()( αZXDα sssrk sskPp ∈=  is the condi-
tional response probability for a unit sk ∈  and α̂  is an 
estimator of the vector of unknown nonresponse model 
parameters .α  Note that a nonresponse model is a set of 
assumptions about the unknown nonresponse mechanism 

;),,,,|( sr ssq ZXDY  one of them being assumption 
(2.1). We assume that α̂  is implicitly defined by the equa-
tion ,)ˆ(1 0αU =  where (.)1U  is a vector of −q unbiased 
estimating functions for ;α  that is, ,,|)({ 1 YαUE sq  

.},, 0ZXD =s  Therefore, (.)1U  is also −qp # unbiased 
for .α  In the remaining of the paper, we remove every-
where the conditioning on DY,  and X  when taking ex-
pectations and variances since these vectors are always 
treated as being fixed. For instance, we will write 

0ZαUE =},|)({ 1 sq s  instead of ,,,|)({ 1 DYαUE sq  
.0}, =sZX  This will simplify considerably the notation. 

Note that the nonresponse-weight-adjusted estimator 
(2.2) is implicitly defined by the equation 

∑
∈

=−=
rsk

k
k

k
yy y

p

w
ttU 0

)ˆ(
ˆ)ˆ,ˆ( NWANWA

2 α
α . (2.3) 

If the nonresponse model is correctly specified and, in 
particular, if assumption (2.1) is satisfied, then the esti-
mating function (.,.)2U  is −qp # unbiased for ;yt  that is, 

.0)},({E 2# =yqp tU α  To make assumption (2.1) as plau-
sible as possible, it is important that the nonresponse model 
be conditional on design, auxiliary and DCP variables that 
are well correlated with ,y  provided that these variables are 
also associated with nonresponse. This recommendation 
should be useful to control the magnitude of the non-
response bias, which may be unavoidable in real surveys. 
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This is also in line with the recommendation given in Little 
and Vartivarian (2005). Therefore, if DCP variables contain 
information about y  above the information already con-
tained in d  and ,x  then the use of DCP variables may be 
useful to reduce the nonresponse bias if they are associated 
with nonresponse. 

Now, let ,),( ′′= ytαθ )ˆ,ˆ(ˆ NWA ′′= ytαθ  and =)
~

(θU  
,})~,~(),~({ 21

′′
ytU ααU  for some vector .)~,~(

~ ′′= ytαθ  As 
noted above, θ̂  is implicitly defined by the equation 

0θU =)ˆ(  and the estimating function (.)U  is −qp #  
unbiased for θ  since .)}({# 0θUE =qp  Using a first-order 
Taylor approximation (see Binder 1983), we have ≈θ̂  

),()}({ 1 θUθHθ −−  where }.
~

/)
~

({)
~

( # θθUEθH ′∂∂= qp  
The matrix 1)}({ −θH  is thus given by 

{ } { }
{ }

,
1)()(

)(
)(

1
1121

1
111

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛

−
= −

−
−

θHθH

0θHθH  (2.4) 

where ),~/())
~

(()
~

( #1 αθUEθH ′∂∂= iqpi  for .2,1=i  
Using conditions similar to those of Binder (1983), θ̂  is 
asymptotically normal and asymptotically −qp # unbiased 
for .θ  As a result, NWAˆ

yt  is asymptotically normal and 
asymptotically −qp # unbiased for .yt  Therefore, using 
DCP variables in the nonresponse model does not introduce 
any bias in the nonresponse-weight-adjusted estimator 

NWAˆ
yt  provided that the nonresponse model (specification of 

),,,|( sssr ssq ZXD  and assumption 2.1) holds. Also, if 
the true unknown nonresponse mechanism depends on the 
sample portion of ,, sYY  after conditioning on ss D,  and 

,sX  then conditioning on a vector z  of DCP variables is 
likely to reduce the nonresponse bias if the DCP mechanism 
depends on ,sY  after conditioning on ss D,  and ,sX  
which means that the DCP variables contain information 
about y  not already contained in d  and .x  

Continuing our Taylor linearization, and using the fact 
that 

,},|)({

},|)({

}|)({)}({
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#
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sqp

qpqp
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the −qp # variance-covariance matrix of ,θ̂ ),ˆ(# θV qp  is 
approximated by 

{ }
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(2.5)

 

The first term on the right-hand side of equation (2.5) is 
called the sampling variance of ,θ̂  the second term is called 
the DCP variance of θ̂  and the third term is called the 
nonresponse variance of .θ̂  The variance )ˆ(V NWA

# yqp t  is 

approximated by the value in the last row and in the last 
column of equation (2.5). Using expression (2.4) and the 
fact that ,)ˆ,(},|)({ ′−′= yysq tts 0ZθUE  the approxi-
mate variance (2.5) reduces to 

.)}(}{,|)({)}({
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(2.6) 

The second matrix on the right-hand side of equation 
(2.6) corresponds to the DCP variance of θ̂  and contains 0 
for all its elements. Therefore, using random auxiliary 
(DCP) variables in the nonresponse model does not 
introduce any additional term of variance, as opposed to 
using only fixed auxiliary variables, when the nonresponse 
model is properly specified. Since DCP variables are likely 
to reduce the nonresponse bias if they are associated with y, 
then it seems beneficial to take advantage of them when 
handling unit nonresponse through a weight adjustment. 
Also, as pointed out by Little and Vartivarian (2005), adding 
auxiliary variables in the nonresponse model that are 
associated with y tends to reduce the nonresponse variance. 
The mean squared error can therefore be reduced on both 
counts. 

A more detailed expression for the nonresponse variance 
term in equation (2.6) as well as a sampling and a non-
response variance estimator can be obtained similarly as in 
Beaumont (2005). Beaumont (2005) also discusses the 
effect of estimating the nonresponse model parameters on 
the variance of an estimator of a population total.  

 
3. The Example of the Canadian  

      Labour Force Survey  
The goal of this example is not to provide every detail of 

the analysis that was conducted on the Canadian Labour 
Force Survey (CLFS) data but simply to describe some 
issues related to the choice of the nonresponse model and to 
the estimation of response probabilities. With these points in 
mind, we then go on to discuss the main conclusions that 
were reached. Greater detail about the results of the 
investigations in the CLFS, implementation of the new 
method and a comparison with the previous method can be 
found in Alavi and Beaumont (2004).  

The CLFS is a monthly survey with a stratified multi-
stage sampling design (Gambino, Singh, Dufour, Kennedy 
and Lindeyer 1998). The information used to construct the 
sampling design and to draw a sample of dwellings is essen-
tially geographic. The sample is divided into six represent-
tative rotation groups and each sampled dwelling stays in 
the sample for six consecutive months. One rotation group 
contains dwellings for which the members are interviewed 
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for the first time; another rotation group contains dwellings 
for which the members are interviewed for the second time 
and so on. Thus, for five rotation groups out of six, the 
sampled dwellings are common from one month to the next. 
Computer-assisted interviews are used to collect the survey 
information for every person in the selected households. 
With computer-assisted interviews, a large amount of DCP 
information is obtained for both responding and non-
responding households. 

A logistic nonresponse model has been considered to 
model the unknown nonresponse mechanism ,,|( sr ssq D  

).sZ  With this model, the unknown response probability 
for household k  is expressed as αα ′−+= exp(1{)(kp  

1)})( −
kzd  and sampled households are assumed to respond 

independently of one another. The vector zd  is a vector 
that contains DCP variables ,z  fixed design variables d  as 
well as interactions between these two types of variables. 
No additional vector x  of auxiliary variables was available. 
Two DCP variables were used: the number of attempts to 
contact a sampled household, which was divided into five 
categories, and the time of the last attempt, which was also 
divided into five categories. The design variables used were 
mainly geographic and also included the rotation group 
indicator. Due to potential interviewer and clustering effects, 
the above model may not be entirely realistic. It was used 
for its simplicity and because it appeared reasonable and an 
improvement over the previous method. Also, the estimated 
response probabilities resulting from this model were used 
only to provide a score and were not used directly to adjust 
design weights, as described below in this section. 

The unknown vector α  was estimated by the maximum 
likelihood method using the −q unbiased estimating func-
tion 

,)()}({)(1 ∑ ∈ −=
sk kkk pr zdααU  (3.1) 

where ,1=kr  if ,rsk ∈  and ,0=kr  otherwise. Note that a 
design-weighted estimating function was not considered. 
This follows the practice recommended in Little and 
Vartivarian (2003) and can be justified by noting that the 
interest is in modelling the nonresponse mechanism only for 
sampled households sk ∈  (not for the whole population) 
and that this mechanism is conditional on s. Also, the DCP 
variables are not even defined outside the sample. The use 
of design weights does thus not make sense in this context 
and increases the variance of α̂  if the nonresponse model is 
correctly specified. Also, it is not clear that using a design-
weighted estimating function would systematically bring 
robustness in this case. However, note that we do not ignore 
design information since it is included in the nonresponse 
model. This can be paralleled to the recommendation of 
including design information in imputation models (see, for 
example, Rubin 1996). 

Stepwise logistic regression was performed for several 
months in order to determine appropriate design and DCP 
variables to be included in the final nonresponse model. In 
all months considered, the variable ‘number of attempts’ 
was the first to enter in the model and thus the most useful 
for explaining nonresponse. This variable was also corre-
lated with the main variables of interest ‘employment’ and 
‘unemployment’. For instance, people belonging to respon-
dent households with a large number of attempts, i.e. those 
that are difficult to reach, had a tendency to be more often 
employed (see Alavi and Beaumont 2004). Households with 
a large number of attempts had also a tendency to be 
nonrespondents. Therefore, it seems appropriate to give a 
larger weight adjustment to the responding households for 
which the number of attempts is large since their propensity 
to respond is lower and they are more likely to have 
characteristics similar to the nonrespondents.  

The final nonresponse model chosen fit reasonably well 
the CLFS data in most months considered, according to the 
Hosmer-Lemeshow goodness-of-fit test. Nevertheless, the 
score method of Little (1986) was used to obtain some 
robustness against undetected model failures. The above 
logistic nonresponse model was first used to obtain an 
estimated response probability for every sampled household 
and then the sample was divided into about 50 homog-
eneous classes with respect to this estimated response 
probability using the clustering algorithm implemented in 
the procedure FASTCLUS of SAS. This large number of 
classes was possible given the large CLFS sample size. It 
was chosen so as to reduce the nonresponse bias not only at 
the population level but also for smaller domains. The 
nonresponse weight adjustment for a responding household 
k within a given class c was simply computed as the inverse 
of the unweighted response rate within class c. A threshold 
on the nonresponse weight adjustment was set to 2.5 to 
control the nonresponse variance of the nonresponse-
weight-adjusted estimator. When needed, the application of 
this threshold was necessary only for a very small number 
of classes. These were the classes with the smallest esti-
mated response probabilities. Without this threshold, non-
response weight adjustments around 4 could occasionally be 
observed. 

Another nonresponse model was considered in which the 
response probability for a household k is modelled as the 
product of the probability that household k be contacted, 
times the probability that this household respond, given it is 
contacted. The latter two probabilities were modelled sepa-
rately. Although this model seems to be a better approx-
imation of reality and gave slightly better results in the sense 
that it better explained nonresponse, the gains were not 
deemed sufficient to add this complexity in the nonresponse 
adjustment method. It may deserve further study. 
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4. Conclusion  
An important contribution of this paper is that DCP 

information must be treated as being random when used in a 
nonresponse model. We then have shown that the use of 
such information to handle unit nonresponse through a 
weight adjustment does not introduce any bias and that there 
is no additional variance component in the estimates of 
population totals when the nonresponse model is properly 
specified. Moreover, we have argued that if DCP 
information is associated with the variables of interest and 
with nonresponse, then its use is likely to reduce the 
nonresponse bias when the nonresponse mechanism 
depends directly on the variables of interest. We have also 
illustrated through the CLFS example that such information 
can be useful for dealing with unit nonresponse in a major 
survey. 

The full response estimator that we have considered is 
the Horvitz-Thompson estimator. Our conclusions would 
have remained the same had we used instead a generalized 
regression estimator. We have used the Horvitz-Thompson 
estimator for its simplicity and because it was sufficient to 
show our main point. 
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