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1. The main target
Reweighting of survey data of the respondents is required for several reasons, especially due
to problems in frame coverage and frame data quality on one hand, and due to selective unit
non-response, on the other.
This paper tries to give a good strategy to solve both problems. In principle, this strategy can
work well given that appropriate macro and micro auxiliary data are available and used
exhaustively. Unfortunately, this is not usually the case but it is unfortunate that survey experts
do not pay enough attention to get such data.
I understand well that appropriate micro/macro auxiliary variables are very difficult to get in
many cases. Some examples:
- Happiness results in all surveys are too positive since unhappier people have not been
contacted or they do not reply.
- We know that politically, socially etc. active people are well participating but how to adjust
the weights it is not solved although some type of proxy variables are attempted.
- Poverty indicators using objective incomes are not believable since poorest people are much
missing even from the sampling frame or they are not responding. Item non-response in
subjective income is much lower but unit non-response is still there.
Our reweighting approach consists of the three steps.
- First, the basic sampling weights are computed using the sampling design of
the survey and assuming that the response mechanism is ignorable.
- Then the response propensity weights are constructed and
- Finally, these weights are used as initial weights in calibration.
Thus both micro and macro auxiliary variables may be fully exploited. We compare the
different methods with each other using a simulated data set that is based on a modification
of a real data set. This gives opportunity to see how well each method works. We also
compare variations of such calibration methods that are invented in the Calmar 2.
2. Calibration, response propensity weighting and their joint method
A success story of calibration methods begun early 1990’s when the article of Deville and
Särndal (1992) was published and especially when the first Calmar SAS macro was coded by
the French statistical office INSEE in 1993 (Sautory 2003). The new version, Calmar 2,
developed in 2003, offers the user new resources for performing calibrations and
implements the generalized calibration method of handling non-response.
Calmar 2 thus is a macro into which a user can choose the three types of options:
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(i)
(ii)
(iii)

the initial weight dk desired to calibrate,
the calibration margins that are expected to be as true population totals as
possible,
the calibration methods with alternative distance functions.

The original version of Calmar offered four calibration methods, corresponding to four
different distance functions. These methods are characterized by the form of function as
follows:
• the linear method: the calibrated estimator is the generalized regression estimator:
• the exponential method: where all the calibration variables are qualitative, this is the raking
ratio method;
• the logistic method: this method provides lower limits L and upper limits U on the weight
ratios wk/dk in which w refers to the calibrated weight;
• the truncated linear method, very similar to the logit method.
• the sinus hyperbolicus method that is exponential and does not to give negative or other
implausible weights like the exponential or raking ratio method.
We present results from the three methods, that is, linear, logistic and sinus hyperbolicus; this
done both concerning pure calibration and joint method.
The strategy for creating ‘response propensity weights’ is as follows:
(i)

We have the basic weights d k for each respondent k.

(ii)

The response propensities p k using logistic (or probit) regression are
estimated and their quality is checked.
We take the basic weights and divide these by the estimated response
probabilities of each respondent getting the preliminary weights.
Since the sum of the weights (iii) does not match to the known population
statistics by strata h, they should be calibrated so that the sums are equal
to the sums of the basic weights in each stratum. This is made by

(iii)
(iv)

multiplying the weights (iii) by the ratio q h =

åd
å d /p
h

h

k

k

. This is one
k

option for the response propensity modelling weighting, called ‘pure’ in
Figure 1.
2. Data and simulation principles
The data for simulations is created from the 2010 Finnish Security Survey (Laaksonen &
Heiskanen 2014) so that its three independent data sets (face-to-face, phone and web) of the
respondents are first pooled together and then extracted to a population of 179985 persons.
This extraction started from about 3 000 respondents. It was rather straightforward but some
randomness was added. The creation of missingness is more demanding. We followed as well
as possible the initial unit nonresponse and hence the response rate of our survey is about
equal with it, that is, 49 per cent. The simulation data set thus consists of a missingness
indicator for each target population unit, and it is respectively copied for each simulation
sample.
The simulation strategy, naturally, follows the survey principles:
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(i)
(ii)
(iii)
(iv)
(v)

(vi)
(vii)

Four explicit strata by four large regions were formed.
Simple random sample with unequal allocation was drawn from each stratum,
altogether 2000 individuals
Basic sample weights were computed for the respondents as usually, assuming
ignorable unit non-response.
The three different calibrated weights were computed using Calmar 2. The margin
variables are here: four strata, two genders, five age groups.
Response propensity based weights were respectively calculated. These weights
include some calibration as well. We included basically all available micro auxiliary
variables in the respective model (interaction of gender and age group, stratum,
education, number of rooms, married, citizen, mother tongue and children). The
mean estimates were calculated by these different weights.
The procedure from (ii) to (v) was repeated enough many times and the output
data set obtained.
The results between simulated results and true values were compared.

4. Summary of the results
Table 1 shows the averages of all indicators in the population. In simulations, we thus try to
get the estimates that are as close these values as possible. It is not necessarily easy for many
reasons. One special reason is that there are a fairly small number of observations for some
indicators. This is indicated in the right column. This missingness is not only due to
nonresponse. it is mainly due to the topic itself. For example, if a person never had a partner,
the answer is empty. The reason for some missingness is not exactly known, such as violence
by stranger recently or harassment ever.
Table 1. Statistics about the population of the 15-79 years old 179 985 persons in simulations
Indicator in simulations
Income
Worry (about crime)
Harassment recently
Harassment ever
Violence by stranger recently
Violence by stranger ever
Violence by partner
Violence by ex-partner

Average in population
44905€
28%
43%
74%
33%
87%
16%
30%

Response rate, %
100
100
99
24
24
41
74
45

We drew 150 samples from this simulation population using maybe the most common
design, stratified random sampling. The sample allocation had not any specific target and
hence it is not far from proportionality, the average sampling fractions being 6.2%, 3.7%,
5.3% and 7.8%.
The relative deviation from the true value is the most illustrative way to compare results
since it is not needed to look at the indicator values themselves. These comparisons are
presented in the eight graphs of Figure 1.
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Figure 1. The relative bias in per cent for each of 8 indicators by eight weighting methods
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The differences between the three calibration estimates are minor. This is concerned the
pure calibration methods CAL!, CAL3 and CAL5 on one hand, and the same methods after the
response propensity weighting on the other.
Almost all weights with adjustments improve the estimates to some extent. The study also

shows that the combination of the response propensity weighting and calibration is a
superior method to pure calibration. Nevertheless, it is not best in each case. It is even
so that the basic weights are best in one case (violence by ex-partner). The two reasons
behind this are obvious: a small number of respondents and non-good auxiliary
variables. Calibration is best only in one case (violence by stranger ever). Surprisingly,
the results are for this indicator worsening when calibrating after response propensity
weights. We thus see that any weighting method does not work ideally in each case.
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